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The social and economic impact of urban flooding is becoming more severe in the United 
States over time. Urban areas are mostly vulnerable to flash floods because of the impervious 
surface, which increases the surface runoff. More than 80 percent of people live in urban areas in 
the United States, and they are at higher risk of urban flooding. Although many urban areas have 
a higher risk of urban flooding, there is still a significant knowledge gap of understanding between 
the minority's and nonminority's vulnerability to urban floods. Therefore, using Birmingham, 
Alabama, as a study area, this research designs a quantitative thematic mapping method to assess 
the flood risks of urban population and buildings.  In this research, census data was used to assess 
urban residents' vulnerability to flooding using thematic mapping method – location quotient (LQ) 
and compare it with the widely used social vulnerability index. The findings suggest that the 
aggregation of White populations is much higher compared to minorities. This research also 
developed a flood risk model using integrated GIS and cartographic approach considering different 
environmental factors that influence the urban floods. This study found that the Valley Creek area 
is the highest flood risk zone in Birmingham, and has the highest percentage of residential (i.e., 
56.14 %) and commercial (i.e., 75.34 %) buildings located in very high flood risk areas. The 
 
 
decennial census data from 1990 to 2015 was used to examine whether vulnerable population 
groups aggregated more in the flooding areas or moved away from Birmingham's flooding areas 
in the past thirty years. The findings of this research indicate that most minorities are aggregating 
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Vulnerability is a popular concept and is becoming the central focus of the hazard research 
in recent years (Cutter 1996; Fussel, 2007; IMBER, 2005; McCarthy et al., 2001; Turner et al., 
2003). According to Cutter (2003), vulnerability science helps to understand the circumstances 
that put place and people at risk and reduce their ability to respond against any possible natural 
threats. Many definitions of vulnerability exist, but hazard researchers accept none of these 
definitions as they have their ideological perceptions. Susan Cutter (1996) provided 18 different 
definitions of vulnerability, whereas Thywissen (2006) provided 36 definitions in the hazard 
literature. Blaikie et al. (1994) are the pioneers in vulnerability research, and they defined 
vulnerability as "the characteristics of a person or group in terms of their capacity to anticipate, 
cope with, resist, and recover from the impact of a natural hazard." However, in general, 
vulnerability is a concept that describes the factors related to social, economic, or physical setting 
that can reduce the ability to prepare for and cope with the impact of hazards. In vulnerability 
research, it is important to understand why individuals, households, groups, or communities may 
suffer more or less than others in the wake of a natural disaster. More specifically, the main 
research question in social vulnerability is why the effects of disaster vary within a population 
group. Several factors influence the social vulnerability such as age, gender, race and ethnicity, 
poverty, level of education, lack of access to resources, and limited access to political power 
(Blaike et al., 1994; Cutter, 2001; Mileti,1999; Tierney et al., 2007). Social factors lead to social 
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vulnerability, whereas physical factors, such as physical elements of the earth's surface, lead to 
physical vulnerability. The vulnerability assessment is important because it helps to develop and 
implement adaptation strategies to policy (Adger, 2006; Brooks et al., 2005; Fussel and Klein, 
2006; Hinkel, 2011). 
Flooding is one of the deadliest natural disasters worldwide and in the United States, which 
costs more than $1 trillion in economic damage since 1980 (Munich RE, 2020). In recent years 
(1995-2015), flooding alone is responsible for 47 percent of weather-related disasters and affecting 
2.3 billion people globally (UNDP, 2015). Among all the floods, flash floods are considered as 
one of the deadliest natural hazards worldwide (French et al., 1983; Jonkman and Vrijling, 2008). 
Flash flood usually occurs in small watershed areas due to extreme rainfalls and fast-rising water. 
The fast-rising water usually happens when the high amounts of rain are received over a relatively 
short period of time. The watersheds' average size for flash flood events in the United States was 
46 square kilometers (Kelsch, 2001). It is extremely dangerous to human lives and property due to 
the high-velocity runoff and fast-rising of water (Creutin et al., 2013). In the US, most of the people 
are not aware of the risk of flash floods, and a large portion of death occurs when people tried to 
move away from the flooding areas using vehicles during the flood events (Ashley and Ashley, 
2008; Becker et al., 2015; Diakakis and Deligiannakis, 2013; Gruntfest et al., 1978; Haynes et al., 
2009; Kellar and Schmidlin, 2012; Jonkman and Kelman, 2005; Ruin et al., 2007). On the other 
hand, river floods are also considered the most common and devastating natural disasters 
worldwide (Field et al., 2012). River flooding usually occurs in large areas due to intense rainfall 
for several days or weeks (Kron, 2005). The main difference between the flash flood and river 
flood is the rainfall duration and size of the watersheds. The river flood builds up gradually, 
whereas the flash flood results from intense rainfall within a short time.  
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Flooding is becoming a major concern for the urban areas in the United States since more 
than 80 percent of the population lives in urban areas (United States Census Bureau, 2010). 
According to Smith (2019), flooding is considered the second most frequent billion-dollar disaster 
that costs more than $123 billion in property damages from 1980 to 2018. In flood vulnerability 
analysis, it is important to understand the percentage of area covered by the impervious surface, 
which reduced the water infiltration rate and increased the surface runoff that increases the chances 
of flooding (Brody et al.,2008; Chen, 2009; Okyere et al., 2013; Zahran et al., 2008). According 
to the United Nations (2018), currently, 55 percent of the world’s population lives in urban areas, 
and they project that the urban population would increase to 68 percent by 2050. Since more people 
are moving to urban areas, they turn green areas into impervious surfaces, which makes these areas 
and people living in these areas more vulnerable to flood hazards. 
The majority of the U.S. communities face urban floods, which could result from a flash 
flood or river flood. The small communities suffer most as they lack resources to deal with it 
(Urban Flood Report, 2018). However, urban flooding not only causes property damages but also 
causes fatalities and injuries. In urban flood situations, most people die while driving the car 
through deep water to move from flooded areas to non-flooding areas (Urban Flood Report, 2018). 
A recent study on west Georgia suggests that the southeastern United States experiencing rapid 
urbanization, and most of the forest lands in these areas had been converted to urban land (Nagy 
and Lockaby, 2010). Due to the rapid urbanization process, the southeastern United States is 
becoming more vulnerable to flood hazards. However, the southeastern United States is also 
vulnerable to floods due to climate change. United States Environmental Protection Agency (EPA, 
2016), reported that Alabama would experience severe floods and drought in the coming decades 
due to climate change. Other studies also reported that Alabama is among the eight states of the 
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South that will experience the worst effects of climate change (Brownstein, 2019; Meyer, 2017). 
According to Fourth National Climate Assessment Report, the low-lying inland regions, 
particularly many southeastern cities of the United States, are experiencing extreme rainfalls, 
which increases the flood frequencies and impact on the growing population and infrastructures in 
the urban areas (Carter et al., 2018). Since the rate of precipitation is increasing, Birmingham, 
Alabama, a city in the southeastern United States, faces more urban flooding that causes significant 
economic losses (City of Birmingham, 2016, Wang et al., 2013). Some of the most recent floods 
in Birmingham, AL, also received the news coverages (Delcambre, 2019; Franklin, 2018; Martin, 
2019; Seale, 2018; U.S. News, 2019; WBRC, 2019). 
The city of Birmingham has a history of flooding and some studies have been done on the 
urban expansion in Birmingham, Alabama. Martin et al. (2007) conducted research on urban 
expansion in Birmingham and found that the urban area is expanding at an extensive level, 
especially to the south and east of the center city along major highways. Trousdale (2010) 
conducted another study to monitor the urban growth in Birmingham, Alabama, from 1974 to 
2008. The study concluded that most of the forest and farmland had been urbanized from 1974 to 
2008. This urbanization primarily happened in the southern part of the Birmingham city. However, 
building construction in urban areas by removing vegetation increases surface runoff from rainfall 
and reduces the water infiltration rate, increasing the risk of floods (Khosravi et al., 2016). Past 
studies reveal that the urban areas with high population density possess a higher risk of floods (Jha 
et al., 2011; Lyu et al., 2018). Birmingham is the most populous city in Alabama (United States 
Census Bureau, 2019) and 49th most populous city in the United States. Birmingham's average 
urban population density is 1,448.4 people per square mile (U.S. Census Bureau, 2017). The above 
literature indicates that the urban areas in Birmingham are expanding, which causes the change in 
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land use patterns and increases the impervious areas that make this area more vulnerable to floods. 
Geographically, Birmingham is located in a valley in the western foothills of the Appalachian 
Mountains. A total of ten major watersheds also surround this city, and each of these watersheds 
contains at least some portion of the 100-year floodplain. Since some portion of these watersheds, 
rivers, and tributaries are located within Birmingham's city limits, it makes this city more 
vulnerable to river floods and flash floods. 
Using the 100-year floodplain areas of Birmingham, Alabama, as a study area, we assess 
potential damage risks due to direct flood exposure of buildings and population in an urban 
environment. This study uses GIS and quantitative cartographic methods to answer the below 
research questions: 
1. Which population groups are contributing more to social vulnerability? 
2. Where are the socially vulnerable people located spatially in the flood hazard areas of 
Birmingham, AL, USA? 
3. Where are locations of most and least flood risk areas in the flood hazard areas of 
Birmingham, AL, USA? 
4. How many populations and buildings are located at each level of flood risk areas in the 
flood hazard areas of Birmingham, AL, USA? 
5. Where are the buildings and populations located at each level of flood risk areas in the 
flood hazard areas of Birmingham, AL, USA? 
6. What are the spatial patterns of different demographic groups in Birmingham's floodplain 
areas who are affected historically over the past thirty years? 
7. Which population groups are aggregating more in flood hazard areas or moving away from 
Birmingham's flood hazard areas over the past thirty years? 
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In this research, firstly, we proposed a thematic mapping method called Location Quotient 
(LQ) to explore the spatial demographic characteristics of urban communities in flood hazard areas 
of Birmingham, AL, USA. By using this method, we also quantified and mapped urban residents' 
flood risk in Birmingham flood hazard areas. Secondly, we applied the spatial multi-criteria index 
method to develop a flood risk model that showed the most and least flood risk areas in 
Birmingham's floodplain areas. Then we quantified and mapped the number of populations and 
buildings located at each level of flood risk. Finally, we used the spatial scan statistics to identify 
the spatial cluster of different demographic groups in Birmingham's floodplain areas at each 
decennial census year from 1990 to 2015. The spatial cluster patterns of each demographic group 
suggested that population groups are aggregating more or moving away from Birmingham's flood 
hazard areas.  
Using this research’s results including detailed maps of buildings and demographic 
characteristics, the Alabama State and Jefferson County Emergency Management Agencies 
(EMA) will know the location of vulnerable communities and populations in the flood hazard areas 
of Birmingham. This information will help them to evacuate these vulnerable populations during 
the pre-flood events. Typically, during the hazardous events, non-minority population groups 
received more privilege over the minority groups. This research includes both minority and non-
minority population groups, and the result indicates which population groups are more vulnerable 
due to floods. Based on the findings, the county and city EMAs will know the level of vulnerability 
of a particular population group, which will help them allocate resources efficiently and equally 
among the different racial groups during the pre and post-flood events. Apart from social 
vulnerability, physical vulnerability is also assessed in this research. The location of vulnerable 
residential and commercial buildings was identified at different flood risk levels, which will help 
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in future urban and landscape planning. Therefore, this research's findings will help the local 
government and emergency management agency take action against any possible future flood 
hazards in Birmingham, Alabama. 
In addition, this dissertation further provides another novel view of social vulnerability 
study by including the white population and the decadal analyses of vulnerability dynamics of 
different races in the city of Birmingham, AL.  In an urban environment, both minority and 
vulnerability are dynamics due to quick urban sprawl and diverse local migrations, and we 
hypothesize that both the minorities and non-minorities can be significantly affected by urban 
flooding. Therefore, the vulnerability of both white population and minorities need to be examined, 
and then a decadal analysis will further reveal both spatial and temporal trends of demographic 





A THEMATIC MAPPING METHOD TO ASSESS AND ANALYZE POTENTIAL URBAN 
HAZARDS AND RISKS CAUSED BY FLOODING 




About 30% of the total global economic loss inflicted by natural hazards is caused by 
flooding. Among them, the most serious situation is urban flooding. Urban impervious surface 
enhances storm runoff and overwhelms the drainage capacity of the storm sewer system, while the 
urban socio-economic characteristics most often exacerbate them even more vulnerable to urban 
flooding impacts. Currently, there is still a significant knowledge gap of comparable assessment 
and understanding of minority’s and non-minority’s vulnerability. Therefore, this study designs a 
quantitative thematic mapping method – location quotient (LQ), using Birmingham, Alabama, 
USA as the study area.  Urban residents’ vulnerability to flooding is then analyzed 
demographically using LQ with census data. Comparing with the widely used social vulnerability 
index (SVI), LQ is more robust, which not only provides more detailed measurements of both the 
minority’s and the White’s vulnerability, but also shows a direct comparison for all populations 
with finer information about their potential spatial risk assessment. Although SVI showed the 
Shades Creek is the most vulnerable area with a SVI value above 0.75, only 228 Hispanic people 
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and 2290 African-American live there that is not a significant aggregation of minorities in 
Birmingham; however, a total White population 12,872 is identified by LQ with a significant 
aggregation in the Shades Creek. Overall, LQ suggests that the White population is highly and 
significantly concentrated in the flood areas, while SVI never considered them as vulnerable. LQ 
indicates that the concentration of minorities (i.e., 88,895) and vulnerable houses (i.e., 26,235) are 
much higher compared to the numbers of the minorities and houses indicated by SVI, which are 
only 11,772 and 8323, respectively. The LQ based thematic mapping, as a promising method for 
vulnerability assessment of urban hazards and risks, can make a significant contribution to hazard 
management efforts to reduce urban vulnerability and hence enhance urban resilience to hazards 
in the future. 
2.2 Introduction 
Flooding has been a major concern in the U.S. and many other counties across the world 
because of the extreme amount of social and economic loss, including deaths. Since the 1960s, the 
frequency of high tide flooding has increased by a factor of 5 to 10 in several U.S. coastal 
communities (Hayhoe et al., 2018). The minor infrastructure damage is also increased by 5 to 10 
times caused by daily tidal flooding events (Ezer and Atkinson, 2014; Sweet et al., 2014 a, b). 
Recent U.S. climate assessment report indicates that the Southeast part of the USA has faced four 
major inland flood events in the three years (2014-2016) that caused billions of dollars in property 
damages and 120 deaths (Carter et al., 2018; NOAA NCEI, 2018). In 2006, United States 
Geological Survey (USGS) reported that the U.S. faced $6 billion in property damages and 140 
deaths on average annually because of floods, while in the water year 2016 (October 1, 2015 – 
September 30, 2016), the direct flood damages are $11.54 billion with 168 flood-related deaths 
(NWS – NOAA, 2017). Hurricane Harvey and Maria were the most severe tropical cyclone rainfall 
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events that affect the United States in recent years. The NOAA estimated that Hurricane Harvey 
caused $125 billion in property damages and 64 deaths in Texas in 2017 (Blake and Zelinsky, 
2018). Southern Texas was mostly affected by Harvey’s flooding, where 300,000 structures and 
500,000 cars were flooded (Blake and Zelinsky, 2018). Puerto Rico and U.S. Virginia Islands were 
mostly affected by floods of Hurricane Maria, which caused $90 billion in property damages 
(Pasch et al., 2019). 
According to the U.S. Federal Emergency Management Agency (Wright, 2007), the six 
main causes of flood damages are debris impact, hydrodynamic forces, soaking, hydrostatic forces, 
contaminants, and sediment. People generally want to live in near the water bodies, and likewise, 
and the United States people who live in near the water bodies have the better access to 
transportation, water supply, water power, seafood supply, and nice landscapes (Wright, 2007). At 
the same time, the communities near the water bodies that are flood-prone, often experience the 
most flood damages. In the United States, floodplains contain approximately 10 million 
households and $800 to $900 billion in property subject to flood risk (Wright, 2007). Flood-related 
property losses have recently risen to above $10 billion a year, from approximate $3.3 billion in 
the mid-1980s (Frangos, 2003; NWS-NOAA, 2017). According to the international Emergency 
Events Database (EM-DAT, 2016), China had the worst flood in 1931 and 1959 regarding most 
deaths that had caused 3.7 million and 2 million deaths, respectively. Regarding property damages, 
Thailand and China both experienced the worst flood in 2011 and 1988, respectively; and the 
estimated property damage for Thailand was $40 million, and for China it was $30 million (EM-
DAT, 2016). In the U.S. history of the flood from 1900 to 2016, 2,945 deaths and $63.7 billion in 
property damages were caused (EM-DAT, 2016). 
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 Most flooding studies typically use the social vulnerability index (SVI), which is designed 
to highlight the areas where the high concentration of vulnerable populations is located, typically 
the minorities. The commonly used SVI methods are deductive, hierarchical, and inductive. 
Among these three approaches, the deductive method is the most common one. In the deductive 
approach, it often contains less than ten indicators, typically including age, ethnicity, gender, etc., 
to construct a social vulnerability index (Collins et al., 2009; Cutter et al., 2000; Lein and Abel, 
2010). The social vulnerability for each block of census data can also be calculated by using the 
deductive approach, which normalizes and aggregates the value to index (Cutter et al., 2010). This 
interpretation could be misleading, because the level of social vulnerability can be varied with the 
type of vulnerability indicators. In the hierarchical approach, it considers up to twenty indicators, 
often including socioeconomic status, demographic structure, special needs, etc., which are then 
separated into groups known as sub-indices (Chakraborty et al., 2005; Flanagan et al., 2011; 
Mustafa et al., 2011). Usually, the indicators possess similar dimensions of vulnerability grouped 
together. The inductive approach is most recently used in the social vulnerability indices (Burton, 
2010; Burton and Cutter, 2008; Finch et al., 2010; Schmidtlein et al., 2011; Tate et al., 2010) and 
is usually used for a large dataset, which has more than twenty factors. Then the factors were 
reduced to a smaller set of factors by using the principal component analysis that aggregates to 
compute the final index. Among these three approaches, the hierarchical modeling approach is 
most accurate (Tate, 2012).   
 SVI typically describes a general and overall assessment of potential risk for minorities. 
Recently, Fahy et al. (2019) used GIS technology to develop a combined index of Topographic 
Wetness Index (TWI) and Urban Heat Index (UHI), which could identify the spatial patterns for 
environmental hazards in urban areas. However, there is minimum research exploring the spatial 
 
12 
demographic characteristics of urban communities in flood hazard areas, which are the primary 
key to not only understand potential flooding risk to urban residents but also to spatially and 
efficiently establish and operate urban hazard management. To fill the knowledge gap of the spatial 
vulnerability of urban residents to flooding, we propose a thematic mapping method, i.e., location 
quotient, to spatially and demographically quantify and map urban residents’ flood risk 
assessment. Our research related to urban flood risk assessment will also help understand the multi-
dimensional aspects of urban flood vulnerability in an inclusive way, which is critical in urban 
flood risk assessment and monitoring (Cho and Chang, 2017). 
This study uses GIS and quantitative cartographic methods to conduct flood risk 
assessments, which will contribute to flooding disaster management policy and strategy 
formulation. This integrated GIS and geovisualtization approach is of particular importance to help 
solve current flood risk assessment problems, and the fine demographic vulnerability analysis 
provides novel insight to potential urban flood risk assessment, which is important to inform 
decision and policymakers (Torrier and Michael, 2006).  
2.3 Study Area 
Birmingham is the most populous city in the State of Alabama, USA. It has a total area of 
393.42 square kilometers with the total land area of 388.24 square kilometers and the water area 
of 5.18 square kilometers. According to the 2014 U.S. Census, the city’s population was 212,237. 
Geographically, the city of Birmingham located in a valley on the western slopes of the 
Appalachian Mountains. In Birmingham, there are total eight watersheds, and they are Village 
Creek, Shades Creek, Black Warrior River, Valley Creek, Turkey Creek, Five Mile Creek, Cahaba 
River, and Little Cahaba River. Among these watersheds, Village Creek accounts for approximate 
53 percent of Birmingham’s Special Flood Hazard Area (Federal Emergency Management 
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Agency, 2000). The direction of the flow of Village Creek is southwest (Figure 2.1), and it flows 
through the city for 19.31 kilometers that drains an area of approximately 103.6 square kilometers. 
The slope of Village Creek moderately steep (slope 0 – 0.9%, area 38.2%; slope 1 – 4.9%, area 
51.2%; slope 5 - 9.9%, area 5.7%; slope 10 - 14.9%, area 2.5%; slope 15 - 19.9%, area 1.6%; and 
slope > 20%, area 0.8%). The velocities of flood ranges from 0.91 to 2.74 meter per second. The 
usual duration of the flood is less than 10 hours, and flood reaches the maximum stage in two to 
four hours after an intense rainfall (Federal Emergency Management Agency, 2000). However, 
the flood can rise at a rate of 0.91 meters per hour in some areas of Village Creek.  
 
Figure 2.1 Floodplain map of Birmingham, AL. 
  
Historically, thousands of homes in Village Creek have been inundated by repetitive 
flooding, and still many neighborhoods are within the floodway and floodplain of the Village 
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Creek. In the year from 1995 to 2015, Village Creek has flooded these neighborhoods fourteen 
times (Table 2.1). The floods occurred from 1995 to 2015, caused over $15 million in damages to 
public and privately-owned properties (City of Birmingham, 2016). The Congress passed Water 
Resources Development Acts in 1986 and 1990 that authorized $29.6 million for non -structural 
flood control projects in the flood hazard area of Village Creek. The City of Birmingham 
contributed $7.4 million in additional funds to purchase 642 properties in the floodplain (Federal 
Emergency Management Agency, 2000).   
Table 2.1 Flood damages in Birmingham, AL. 1995-2015. Source: City of Birmingham, 
Department of Planning, Engineering, and Permits 
Date Damage ($) Damages 
10/3/95 $571,000 200 Homes, 25 businesses, 100 families 
1/26/96 $39,000 97 Homes 
3/6/96 $65,000 111 Homes, 9 businesses 
3/18/96 $38,000 65 Homes, 10 Businesses 
1/8/98 $67,000 208 Homes 
6/14/99 $250,000 100+ Homes 
3/10/00 N/A 50+ Homes 
7/12/02 N/A 25+ Properties 
9/22/02 N/A 50+ Properties 
5/07/03 $1,000,000 1000+ Properties 
2/5/04 $75,000 123 Structures 
9/15/04 $1,500,000 400+ Properties 
4/6-7/15 $100,000 100+ Properties 
Source: City of Birmingham, Department of Planning, Engineering, and Permits 
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2.4 Methodology and Data 
Using Birmingham, AL, USA, a historical flood hazard city, as the study area, this study 
proceeds as follow. Firstly, SVI is calculated as a type of the flood risk assessment, which identifies 
the location of vulnerable populations in Birmingham. Secondly, location quotient (LQ) as a 
thematic mapping method is proposed for urban residents’ social vulnerability assessment and 
mapping. Social and demographic factors were calculated accordingly to quantify flood risk 
assessment. Location quotient hence shows the concentration of each social vulnerability factor 
throughout the flood hazard area in Birmingham. Finally, the Spatial Pattern Similarity Index 
(SPSI) is proposed and calculated between LQ and SVI to find out how LQ can provide important 
spatial demographic risk assessment due to urban floods. The 100-year floodplain data has been 
collected from the Federal Management Agency’s website for this research (FEMA, 2019). The 
area that is subject to one percent annual chance of flooding is called Special Flood Hazard Area 
in the Flood Insurance Rate Map (FIRM). The area of Special Flood Hazard includes Zones A, 
AE, AH, AO, AR, A99, V, and VE. The base flood elevation is considered as the water-surface 
elevation of the one percent annual chance flood. The moderate flood hazard areas are the regions 
that are between 0.2 percent annual chance of flood (500-year flood) and the limits of the base 
flood. These moderate flood hazard areas considered as Zone B and Zone X. Some areas are 
outside of the Special Flood Hazard Area considered as a minimal flood hazard area. These areas 
labeled as Zone C and have the elevation higher than the 0.2 percent annual chance of flood. 
2.4.1 Social Vulnerability Index 
The social vulnerability index assessment highlights the areas where the high concentration 
of vulnerable populations is located within the city of Birmingham. For assessing the social 
vulnerability, census block data from the 2014 decennial census has been downloaded from the 
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United States Census Bureau website. The hierarchical modeling approach to SVI is most accurate 
(Tate, 2012), and therefore, it was used in this research to construct SVI.  
 In the hierarchical model, the social vulnerability indicators separated into groups that 
share the same dimension (Figure 2.2). These individual indicators were divided into sub-indices, 
and the sub-indices were, in turn, aggregated to construct the final composite model. This 
hierarchical approach is useful to analyze and map each subcomponent separately. The first sub-
component was the demographics that consists of demographic attributes (Table 2.2). The 
communities with the higher percentage of very young and elderly populations, percentage of 
female populations, percentage of African-American populations, percentage of Hispanic 
populations, the percentage of the population not enrolled in school, and percentage of the 
population studied below 12th grade is likely to possess a higher level of social vulnerability. These 
factors were included in the sub-component of the demographics. The second sub-component was 
physical infrastructure that includes the percent of housing units that are mobile homes, percent of 
housing units that have no vehicle available, and renters. 
Before the construction of the social vulnerability index, Census block data were 
normalized using the min-max rescaling function outlined below (equation 2.1). In this method, 
the lowest values received the score zero being areas of low vulnerability, and highest values 
received the score one being areas of high vulnerability. Here, zi is the normalized indicator. 








Figure 2.2 Hierarchical Model Structure includes the score range for each component. 
 
After normalizing the data, the variables score in sub-index (e.g., demographics, and 
physical infrastructure) were averaged to reduce the influence of the varying number of variables 
in each sub-index. Each sub-component was summed to derive a final composite score, and in this 
case, the composite indicator was ranged between zero and two (zero being the least vulnerable 
and two being the most vulnerable) as there are two sub-components. After that, the composite 
social vulnerability scores were rescaled using the min-max function to produce the final 

















































9,326 1,099 5,751 4,490 1,604 4,501 7,780 34,551 
Female  22,641 2,414 17,500 12,831 4,123 11,005 19,168 89,682 
Hispanic  1,582  26 855 1,528 887 427 313 5,618 
African-
American  
34,578  111 21,754 2,594 785 5,467 30,359 95,648 
Not enrolled 
in school  

















2,569 80 575 206 180 385 3,087 7,082 
Rented 
homes 
7,675 282 3,045 4,041 1,738 3,220 6,315 26,316 
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The GIS techniques were used to combine each sub-component layers that produced an overall 
social vulnerability map. This map showed the areas of highest overall vulnerability as well as 
areas of lowest overall vulnerability. In GIS, the index values were classified into four classes 
and ordered in ascending order. The bottom 25 percent considered as lowest vulnerability and 
top 25 percent considered as the highest vulnerability. 
2.4.2 Location Quotient Analysis  
How a social vulnerability factor is spatially aggregated is more meaningful in urban 
residents’ risk assessment. A location quotient is useful in demographic studies because it 
measures the percentage of the particular population group in a spatial unit relative to the 
percentage of that same population group in the entire study region. LQ is applied to all the social 
vulnerability factors, and ArcGIS is used to compute LQ for each social vulnerability factor. The 






where LQ= Location quotient, Pbg= Particular population group (e.g., female, African-American. 
Hispanic etc.) in the block group. Tbg= Total number of populations in that same block group. Ps= 
Particular population group in the entire study region. Ts= Total number of populations in the entire 
study region. 
If the LQ=1 means that the percentage of particular population group in block group 
matches its percentage for the entire study area; if the percentage of particular population group in 
block group is higher than that entire study area, LQ>1; if the percentage of particular population 
group in block group is less than that entire study area, LQ<1. Although location quotient analysis 
has its limitation (Jensen et al., 2018), its important properties make LQ a good tool for spatial 
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pattern analysis. It has the advantage of straight forwardness and familiarity. In this study, LQ also 
treats each block group independently and analyze spatial aggregation based on the spatial extent 
defined by flood hazard areas.  
After analyzing the LQ, the Spearman’s rank correlation coefficient was determined 
between the LQ of each social vulnerability factor and SVI. The Spearman’s rank correlation 
coefficient shows the strength of the relationship between an individual social vulnerability factor 
and SVI. The statistical software SAS was used to calculate the Spearman’s rank correlation 
coefficient.  
2.4.3 Spatial Pattern Similarity Index (SPSI) 
Demirel et al. (2018 a, b) proposed a new spatial efficiency metric to quantify spatial 
patterns’ similarity among different raster layers. In this research, we borrowed this spatial 
efficiency metric, modified it, and renamed it as spatial pattern similarity index (SPSI) and defined 
it as follows to examine the similarity between SVI and LQ maps spatially. In other word, we 
applied SPSI to compare the spatial dissimilarity and similarity between two types of 
measurements of flooding vulnerability, SVI and LQ. 
𝑆𝑃𝑆𝐼 = 1 − √(𝛼 − 1)2 + (𝛽 − 1)2 + (𝛾 − 1)2 (2.3) 
 
𝛼 = 𝜌(𝑆𝑉𝐼, 𝐿𝑄) (2.4) 
 


















where, 𝛼= Pearson correlation coefficient between the spatial pattern of SVI and LQ for each social 
vulnerability factor. 𝛽= fraction of the coefficient of variation which represents spatial variability, 
where 𝜎 is standard deviation, and 𝑢 is the mean. 𝛾= histogram intersection for the histogram of 
SVI map (K) and LQ map (L). The normalized score of LQ maps used to compute 𝛾. The value of 
LQ was normalized between 0 and 1. 
In this paper, 𝛼 is referred as correlation, 𝛽 as cv ratio, and 𝛾 as histo match. The result 
from the Pearson correlation coefficient suggests whether these two variables have a positive or 
negative relationship. However, Pearson correlation coefficient is a non-spatial technique, and the 
SPSI was used in this research to compare the relationship spatially. The advantage of using SPSI 
is that it will indicate whether the pattern of SVI and LQ is similar, opposite or dissimilar. If the 
value of SPSI is 1, means the pattern of both maps perfectly matched; if the value of SPSI is 0, 
means there is no similarity; if SPSI is negative, which means they have opposite patterns. More 
details of the similarity interpretation can be found in the research by Demirel et al. (2018 a, b). 
The findings of SPSI also suggest that which social vulnerability factor is mostly contributing in 
which specific area. The map of SVI will give us the low, moderate and high socially vulnerable 
locations, but the SPSI will show which factor is mostly facing the social vulnerability in that 
particular location that then is potentially contributing to the social vulnerability assessment. 
2.5 Results 
2.5.1 Social Vulnerability Index 
The two subcomponents of social vulnerability were normalized and displayed using GIS 
to show the spatial variation of the overall social vulnerability in the flood hazard zones of 
Birmingham (Figure 2.3). The social vulnerability scores for each block provide a comparative 
assessment, and the blocks mapped in red color show the higher level of social vulnerability. 
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However, the majority of the blocks possesses low to moderate social vulnerability, with value 
ranges from 0 to 0.75. Finally, the social vulnerability index map was created by combining these 
two sub-components that show the location of overall vulnerable populations. The total minority 
population (i.e., 11,772) and a total of 8,323 houses with a total area of 5.43 km2 potentially 
experience moderate (SVI > 0.5) and above vulnerability, which is summarized in Table 2.3.
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Table 2.3 Number of socially moderate to highly (SVI>0.5) vulnerable populations and homes in each flood hazard area. 
























1,162 662 442 446 211 2,044 1,725 6,692 
Female  2,407 1,390 1,226 1,256 602 4,265 4,427 15,573 
Hispanic  12 12 0 773 348 166 146 1,457 
African-
American  
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Mobile 
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250 52 27 12 5 247 794 1,387 
Rented 
Homes 
633 988 225 760 373 1,453 1,546 5,978 
Area 
(Sq.km) 




Figure 2.3 Social Vulnerability Index  
 
2.5.1.1 Demographics 
Children and elderly people are more vulnerable because of their dependence upon 
someone else (Morrow, 1999). There is a total of 34,551 populations who are under 5 years and 
over 65 years of age living in Birmingham flooding area (Table 2.2). These populations make up 
only 16.27 percent of the city’s total population. Although these populations are located throughout 
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all the flooding areas in Birmingham, Shades Creek, Valley Creek, and Village Creek have the 
higher number of vulnerable children and elderly populations (Table 2.3).  
 Women are more vulnerable because of their family care responsibilities (Cutter, 1996) 
and risk-taking behavior (Doocy et al., 2013). The highest number of socially moderate to highly 
vulnerable female populations are located in Valley Creek, Shades Creek, and Village Creek area 
(Table 2.3). The total number of vulnerable female populations located in Valley Creek, Shades 
Creek, and Village Creek area is approximately 4.94 percent, 4.76 percent, and 2.67 percent of 
flood hazard area’s total female population (Table 2.2). 
The Hispanic populations are believed more vulnerable due to their language and cultural 
barriers that affect their access to post-disaster funding and residential locations in high hazard 
areas (Bolin, 1993; Morrow et al., 1997; Bolin and Stanford, 1998; Pulido, 2000). The total number 
of Hispanic populations living in the flood hazard zone is 5618, that makes up only 2.65 percent 
of the total population (Table 2.2). Most of the Hispanic population who are moderate to highly 
socially vulnerable are located in the Cahaba River area (Table 2.3). However, in Five Mile Creek 
area, there is no vulnerable Hispanic population located; also, the number of vulnerable Hispanic 
populations in Black Warrior River and Village Creek area is very insignificant (Table 2.3). The 
most number of African-American people who are socially moderate to highly vulnerable located 
in the Valley Creek, Shades Creek, and Village Creek area (Table 2.3). This finding also suggests 
that the spatial pattern of vulnerable African-American and Hispanic population is different. The 
total minority population of moderate to high vulnerability is 11,772 (Table 2.3). 
Educated persons might be more capable of responding and acting during disaster events 
because of their problem-solving skills (Moll, 1994; Ishikawa and Ryan, 2002; Schnell-Anzola et 
al., 2005). Education can also improve the socio-economic status of individuals by increasing 
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earnings (Psacharopoulos, 1994; Psacharopoulos and Patrinos, 2004). This high income allows 
them to have disaster insurance and live in low-risk areas (Muttarak and Lutz, 2014). Moreover, 
highly educated individuals have better communication linkages and access to useful information 
(Cotten and Gupta, 2004). However, lack of education or lower level of education can increase the 
level of vulnerability because it constrains the ability to understand warning information and 
access to recovery information (Heinz Center for Science, Economics, and the Environment, 1999; 
Cutter et al., 2003). In Birmingham, the number of the population who did not enroll in school is 
118,566 that makes up 55.86 percent of the city’s total population (Table 2.2). Among these 
populations who are socially moderate to highly vulnerable are mostly located in Shades Creek, 
Valley Creek, and Village Creek area (Table 2.3). However, the number of vulnerable populations 
who are uneducated is also significant in other flooding areas of Birmingham. There is a total 
number of 12,158 population who studied below 12th grade and live in the flood hazard zones, 
which makes up only 5.73 percent of the city’s total population (Table 2.2). The findings suggest 
that people who studied below 12th grade and socially moderate to highly vulnerable, mostly 
located in Valley Creek area (Table 2.3).  
2.5.1.2 Physical Infrastructures 
People who live in mobile homes are more vulnerable because mobile homes are easily 
destroyed and less resilient to hazards due to their weak infrastructure (Bolin and Stanford, 1991; 
Heinz Center for Science, Economics, and the Environment, 1999; Cutter et al., 2000). There was 
a total of 2,399 mobile homes in the flood hazard area of Birmingham (Table 2.2). Most of the 
mobile homes which possess moderate to highly socially vulnerability is located in Five Mile 
Creek, Valley Creek, and Shades Creek area (Table 2.3). The Cahaba River and Little Cahaba 
River area do not have any mobile home, which is socially moderate to highly vulnerable.  
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  People who do not have vehicles available in their housing units are considered as 
vulnerable because the lack of access to transportation caused the failure of evacuation plans 
(Elliott and Pais, 2006), and they will be not able to return their home in the post-disaster period. 
In the flood hazard zones of Birmingham, there was a total of 7,082 housing units that do not have 
any vehicle available (Table 2.2). Among these housing units, most of the socially moderate to 
highly vulnerable housing units located in Valley Creek, Village Creek, and Shades Creek area 
(Table 2.3). However, in other flooding areas, the number of moderate to highly vulnerable 
housing units do not have access to a vehicle is not significant. Renters are also considered as 
vulnerable because of their dependence on landlords who are responsible for repairing or 
rebuilding the houses after the disaster that left the renters homeless (Morrow,1999). In flood 
hazard zones of Birmingham, most of the rented house possess moderate to highly social 
vulnerability is located in Valley Creek and Shades Creek area (Table 2.3). There is also a 
significant number of moderate to highly vulnerable rented homes existing in other flooding areas 
of Birmingham. 
 In summary, it can be said that Shades Creek, Valley Creek, and Village Creek areas are 
the most vulnerable location for both sub-component (demographics and physical infrastructures) 
of social vulnerability. One of the reasons behind this spatial pattern of social vulnerability could 
be the number of populations under demographic attributes and the number of housing units under 
physical infrastructures. As these locations have a higher concentration of population and housing 
units thus possess higher social vulnerability. The findings of location quotient analysis which 
discussed in the later section of this analysis could give us a better understanding of social 
vulnerability spatially in the flood hazard areas of Birmingham. 
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2.5.2 Location Quotient for Social Vulnerability Factors 
The findings of LQ suggest that a significant number of the White populations are highly 
and significantly concentrated in flood hazard areas, while SVI never considered them as 
vulnerable (Table 2.4). The results of LQ also indicate that the concentration of minorities (i.e., 
88,895) and vulnerable houses (i.e., 26,235) are much higher compared to the number of 
minorities and houses indicated by SVI (Table 2.4 and Table 2.3). The findings of LQ for each 
social vulnerability factor are summarized in Table 2.4. 
2.5.2.1 Children and Elderly 
The first factor of social vulnerability was children and elderly population. The result of 
LQ indicates that some parts of the Village Creek, Black Warrior River, Little Cahaba River, 
Shades Creek, and Valley Creek have the higher concentration of children-elderly population 
compared to the average concentration of these population group in the entire study area 
(Appendix A, Figure A1). The number of highly concentrated children and elderly populations 
in the Village Creek and Valley Creek is 6216 and 6015, respectively (Table 2.4). The spatial 
pattern of children and the elderly population was compared to the social vulnerability index of all 
flood hazard areas. The central part of the Village Creek area has a higher concentration of children 
and the elderly population, but the findings from the SVI suggest that most of the moderately low 
vulnerable populations are in the same area. We also find similar matching patterns for SVI and 
LQ in Black Warrior River, Shades Creek, and Valley Creek area. However, in the Little Cahaba 
River, the spatial pattern of LQ for children and the elderly population is totally opposite compared 





Table 2.4 Number of vulnerable populations and homes (LQ>1) in each flood hazard area. 













































































































































































2.5.2.2 Female Population 
In this part of the analysis, we found that the spatial pattern of the female population is 
opposite of the spatial pattern of SVI; especially in the Shades Creek area, which has a higher 
vulnerability. However, the concentration of the female population is low or equal in the Shades 
Creek area compared to the average concentration of the female population in the entire study 
region (Appendix A, Figure A2). The Valley Creek and Five Mile Creek have a higher 
concentration of female population compare to other creeks (Table 2.4). 
 
Figure 2.4 Location quotient for Hispanic population 
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2.5.2.3 Hispanic Population 
The findings of LQ for Hispanic population suggested that the Village Creek, Cahaba 
River, Little Cahaba River, and Valley Creek areas have a higher concentration of this population 
group (Figure 2.4). The number of the Hispanic population concentrated in Village Creek is 1,491 
which is highest among all other creeks (Table 2.4). Also, the spatial pattern of the Hispanic 
population in Cahaba River and Little Cahaba River matches with the spatial pattern of SVI which 
indicates where the value of SVI is higher, the concentration of Hispanic population is also higher. 
However, the spatial pattern of LQ and SVI for the Hispanic population is much different in the 
Shades Creek area. 
2.5.2.4 African-American Population 
The LQ for African-American population indicates that they have a low or equal 
concentration in Black Warrior River, Cahaba River, Little Cahaba River, and Shades Creek area 
compared to the entire study area (Figure 2.5). The map of SVI suggested that these areas have 
moderate to high social vulnerability, which conflicts with the fact that the concentration of the 
African-American population is low in these areas. Therefore, it can be inferred that SVI cannot 
be used to indicate the African-Americans’ flooding vulnerability for these areas. However, in 
other creek areas (Village Creek, Five Mile Creek, and Valley Creek) African-Americans have 









Figure 2.5 Location quotient for African-American population 
 
2.5.2.5 White Population 
The White population was considered only in LQ analysis, as they are not considered as a 
social vulnerability factor. The spatial pattern of the White population indicates that they have a 
higher concentration in Black Warrior River, Cahaba River, Little Cahaba River, and Shades Creek 
areas, where the concentration of African-American population is lower (Figure 2.6). The LQ 
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findings also suggest that the White population in these areas are more vulnerable than the African-
Americans and other minority populations as these areas are considered as moderate to high 
socially vulnerable according to their high SVI values. 
 




2.5.2.6 Population Not Enrolled in School 
The LQ of uneducated people shows that they have a higher concentration in Black Warrior 
River, Little Cahaba River, and Shades Creek area (Appendix A, Figure A3). They also have a 
higher concentration in some parts of Village Creek, Five Mile Creek, and Valley Creek area; 
perhaps these areas have the higher number of uneducated populations whose LQ is greater than 
1 (Table 2.4). Among these areas, the pattern of LQ matched with the pattern of SVI in that same 
area only in the Shades Creek area; while in the other watersheds, LQ and SVI have an opposite 
relationship. 
2.5.2.7 Population Studied Below 12th Grade 
The LQ of the population who studied below 12th grade was calculated and found that 
Village Creek, Black Warrior River, and Valley Creek has a higher concentration (Appendix A, 
Figure A4). The spatial pattern of the population who studied below 12th grade in Black Warrior 
River, Cahaba River, and Little Cahaba River area matched with the spatial pattern of SVI. 
Nevertheless, the dissimilarity of this population group between the patterns of LQ and SVI was 
found in the Shades Creek area. 
2.5.2.8 Mobile Homes 
The findings of LQ for mobile homes suggest that most parts of the study areas have a low 
or equal concentration of mobile homes compared to entire study region except in Black Warrior 
River area (Appendix A, Figure A5). The spatial patterns of LQ and SVI for mobile homes are 
different across most of the areas, which suggest that mobile homes do not have high effects on 
social vulnerability assessment for these areas, and the high concentration of mobile homes in 
Black Warrior River watershed cannot be reflected by the SVI analysis and assessment. 
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2.5.2.9 No Vehicle Availability in Housing Units 
The spatial pattern of this factor shows that only some areas of Village Creek and Valley 
Creek have higher concentrations compared to the entire study region (Appendix A, Figure A6). 
The number of highly concentrated housing units that have no vehicle availability in Village Creek 
and Valley creek is 2260 and 2777, respectively (Table 2.4). Hence, the social vulnerability index 
did not show the vulnerability of these housing units aggregated in Village Creek and Valley 
Creek.  
2.5.2.10 Rented Homes 
The spatial pattern of rented homes shows that they are mostly concentrated in the Cahaba 
River and Village Creek area (Appendix A, Figure A7). The result also suggests that in the 
Cahaba River, where social vulnerability is low, the concentration of rented homes is higher. The 
pattern between LQ of rented homes and SVI also has dissimilarity in the Shades Creek area. In 
this area, the concentration of rented homes is lower, though the SVI indicates that this area has a 
higher social vulnerability. In other words, SVI cannot indicate the significant vulnerability 
associated with the highly concentrated rented homes in Cahaba River. 
2.5.3 Spatial Pattern Similarity Index (SPSI) 
Firstly, the Spearman’s rank correlation coefficient was calculated between SVI and LQ of 
each social vulnerability factors. The result shows that children and elderly, African-American, 
and uneducated populations have a very weak negative correlation with the SVI. The African-
American population has a negative association with SVI; the female and the White in flood hazard 
areas of Birmingham has a positive association with SVI, but unfortunately, all these correlations 
are not significant at 0.05 level (Table 2.5). The correlation results also indicate that Hispanic 
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population, rented homes, mobile homes, and housing units that do not have access to a vehicle 
have positive associations with SVI, and they are significant at 0.05 level. That means a higher 
percentage of these types of homes in Birmingham causes higher social vulnerability; however, 
the vulnerability of Hispanic, African American, and other minorities cannot be directly indicated 
by SVI, which though is designed to quantify the vulnerability of minorities.  
After calculating the Spearman’s rank correlation coefficient, the SPSI was calculated to 
show the comparison between the spatial patterns of SVI and LQ maps of all social vulnerability 
factors. The result of SPSI (Table 2.5) indicates that all the factors have negative SPSI value, 
except rented homes. The mobile homes and Hispanic population have higher negative values, 
which indicate that the pattern of LQ maps of these factors and SVI is entirely opposite. We found 
a similar result when comparing these two maps visually that was discussed in the above section. 
Most other social vulnerability factors including not enrolled in school, African-American, 
children and elderly, housing units with no vehicle available, female, studied below 12th grade, 
have negative SPSI scores, which indicates the spatial pattern of LQ and SVI have opposite 
patterns. However, only rented homes have a positive SPSI score, which indicates the LQ of this 
























-0.06 (0.47) 0.71 0.98 -0.10 
Female 0.08 (0.37)  0.55 0.93 -0.04 
Hispanic 0.23 (0.007) 3.76 0.40 -1.96 
African-
American 
-0.07 (0.42) 0.82 0.67 -0.13 
White 0.09 (0.32) 1.92 0.51 -0.39 
Not Enrolled in 
School 
-0.14 (0.10) 0.35 0.87 -0.29 
Studied Below 
12th Grade 
0.10 (0.27) 1.33 0.89 -0.03 
Rented Homes 0.34 (<0.0001) 0.98 0.96 0.30 
Housing units 
have no vehicle 
available 
0.23 (0.008) 1.65 0.75 -0.05 
Mobile Homes 0.25 (0.005) 4.71 0.55 -2.82 
 
2.6 Discussions 
This research shows how urban hazards’ vulnerability, such as flood, can be more 
extensively and comprehensively assessed by demographic and other socio-economic factors. 
Economic, cultural, and other potential discriminations put some populations at higher risk. 
Notably, the poorer groups live-in high-risk areas such as near levees, and inner cities, which are 
considered as the source of risk and put people in the threat in any disastrous event. Sometimes, 
people also are pushed to live-in high-risk areas because of the increasing demand of urbanization 
that creates more industrial and commercial sectors. Most of the time, people who are either poor 
or racial minorities are pushed to live in those high-risk areas.  In the United States, the Hispanic 
population considered as racial minorities are typically poor (Bianchi and Spain, 1996). Hence, 
they cannot afford a better place to live and tend to live in a more vulnerable area. Also, most of 
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the Hispanic populations emigrated from non-English-speaking countries, and they have a 
language barrier. The language difficulties can significantly increase vulnerability to disaster and 
after disaster recovery (Gladwin and Peacock, 1997; Yelvington, 1997). In Birmingham, the 
numbers of female and African-American population are much higher than the Hispanic 
population. Though the number of Hispanic populations is less in this area, our proposed LQ 
analysis showed that they are more vulnerable than both female and African-American population 
(Figure 2.3 and 4; Appendix A, Figure A2); however, this cannot be mapped by using SVI. 
Most of the flood hazard areas in Birmingham present moderate levels of social 
vulnerability. The most vulnerable area is the Shades Creek area (Figure 2.3); LQ showed that 
this area is most vulnerable because the concentration of the White population is significant 
(Figure 2.6), and children and the elderly population are also much higher in this area (Appendix 
A, Figure A1). The second most vulnerable area in Birmingham is the Black Warrior River area. 
LQ mapped several factors contribute to the increasing level of social vulnerability in this area: 
this region has the highest concentration of mobile homes; apart from mobile homes, this area also 
has a higher concentration of population who studied below 12th grade and not enrolled in school. 
Therefore, it is evident why the Black Warrior River area is the second most socially vulnerable 
location in Birmingham. As LQ indicated, the Village Creek area is posing low to moderately low 
social vulnerability as the concentration of female population, Hispanic population, and mobile 
homes are much lower compared to other areas in Birmingham. Along with Village Creek, the 
Five Mile Creek area also possesses low to moderately low social vulnerability. In this area, the 
concentration of rented homes, housing units no vehicle availability, mobile homes, and children 
and the elderly population is much lower, which hence helps to reduce social vulnerability. 
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Although SVI as a common hazard assessment for minorities’ vulnerability, one of its 
obvious drawbacks is that the White population is directly missed in social vulnerability 
assessment. In this study, the LQ mapping directly shows that White populations in the Shades 
Creek, Black Warrior River, Five Mile Creek, Cahaba River, and Little Cahaba River areas with 
LQ larger than 1 and even than 2 have much higher social vulnerability to urban flooding. 
 Furthermore, designed to indicate minorities’ vulnerability to flooding, SVI could not show 
that Hispanic, African-American, female, children and elders, uneducated population, and 
population below 12th grade face significant flooding risks in Birmingham city (Figures 2.3, 2.4, 
2.5, 2.6 and Appendix A, Figures A1, A2, A3, and A4). SVI, an overall vulnerable level for all 
minorities, is calculated mainly according to the assigned weights for different demographic 
factors and economic factors, and the weights themselves already indicate the vulnerable levels 
associated to those factors. Therefore, SVI could not reveal the vulnerable level of an individual 
minority or an economic factor, which however is critical for risk assessment and hazard 
management; and hence the spatial characteristics of SVI may not reveal the true spatial vulnerable 
patterns of a minority or a socioeconomic factor as shown in the above results achieved by LQ 
analysis.  
Specifically, the vulnerable spatial patterns of the Hispanic population and the mobile 
houses revealed by LQ are almost opposite to SVI (Table 2.5; Figure 2.3, Figure 2.4, and 
Appendix A, Figure A6). Comparing Figure 2.4 (LQ for the vulnerable Hispanic population) with 
SVI (Figure 2.3), SVI showed Shades Creek is most severe vulnerable area, but the Village Creek 
as the largest flooding area is the most non-vulnerable area; however, LQ revealed that Shades 
Creek is the most non-vulnerable area for Hispanic, but there are many significant vulnerable areas 
in the Village Creek flooding zone. Figure 2.3 (SVI) and Appendix A Figure A5 (LQ for the 
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vulnerable mobile houses) showed similar opposite spatial patterns of vulnerable mobile houses 
in the City of Birmingham. Likewise, compared with SVI, LQ found significantly different 
vulnerable spatial patterns of other demographic and socioeconomic factors (Table 2.5; and 
Figure 2.3, 2.5, 2.6 and the Figures in Appendix A). Therefore, LQ, as a thematic mapping 
method, fills the knowledge gap of the vulnerable levels and spatial distributions of demographic 
and socioeconomic factors, and provides significant insight into quantitative vulnerable analyses 
of diverse demographic and socioeconomic factors for hazard and risk assessment. 
2.7 Conclusions 
We designed a location quotient method to spatially study and assess social vulnerability 
factors across the flood hazard areas in Birmingham. The location quotient thematic mapping 
provides a deep understanding about why a particular area has a low, moderate, and high social 
vulnerability. LQ for social vulnerability factors is quantified and mapped at the block group level 
within the 100 year’s flood zone in Birmingham for different minorities and the white people. It 
further reveals which factor is more important that influences the social vulnerability most in a 
given watershed by comparing the spatial pattern of the common social vulnerability index map 
and each social vulnerability factor’s LQ map. The LQ provides not only required spatial 
information but also related social-economic factor information for urban hazard vulnerability 
assessment. 
In this paper, we defined the Spatial Pattern Similarity Index, which helps to identify the 
spatial similarity and dissimilarity between location quotient of social vulnerability factors and 
social vulnerability index. The use of SPSI in this research adds a new dimension in social 
vulnerability research, which can be helpful to identify the positive and negative factors towards 
social vulnerability. In future research, more social vulnerability factors can be included in 
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demographic components of social vulnerability, and LQ techniques can be applied to see the 
changes in the pattern of demography in Birmingham as these changes can modify the patterns of 
social vulnerability. The strength of the LQ is its easiness of calculation, and this technique can be 
applied not only to Birmingham but also to other urban areas for other hazard and risk studies.  
The thematic mapping method LQ shows the concentration of each vulnerable population 
group in flood hazard areas for not only minorities but also the White population. These maps can 
help the Emergency Management Agency officials to identify the vulnerable population groups in 
specific flood hazard areas, who would need more attention during flood events. In Birmingham, 
the White population could also experience high flooding risks, which unfortunately is overlooked 
in current general social vulnerability index studies. Therefore, our proposed research will help 
take better actions against future flood hazards and efficiently protect all vulnerable populations, 
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3.1 Abstract  
Nowadays, urban flooding is becoming a severe issue in most of the developing and 
developed countries. The growth of the urbanization rate is also increasing, and the United Nations 
(UN) projected that 68% of the world’s population would live in urban areas by 2050. People tend 
to migrate from rural to urban areas, which expose them more vulnerable to urban floods. The 
flood-related damages and deaths are increasing every year globally. Using the Birmingham city, 
Alabama (AL), USA as the study area, the objective of this research is to assess potential damage 
risks due to flood exposure of buildings and population in an urban area. Different social and 
environmental factors influence urban floods in an urban area. This paper considered elevation, 
slope, flow accumulation, land-use, soil types, and distance from the river as significant influential 
factors to urban flooding. The flood risk model hence can be developed by using an integrated GIS 
and cartographic approach, in which we assessed and assigned weights to these factors and formed 
a GIS risk assessment model, which shows the level of flood risks in the floodplain areas of 
Birmingham and quantifies and maps both commercial buildings, home buildings, and 
 
43 
populations’ exposed to flooding risks. This study found that the Valley Creek area is the highest 
flood risk zone in Birmingham, and about 48.85 percent of Valley Creek’s floodplain area will 
face very high flood risk. The findings further reveal that total number of 5,602 people are living 
in high and very high flood risk zones in Birmingham that approximates 44.04% of the total 
population in this floodplain area. The physical vulnerability is also assessed, and findings suggest 
that the Valley Creek zone has the highest percentage of residential (i.e., 56.14 %) and commercial 
(i.e., 75.34 %) buildings located in very high flood risk areas. Our study providing a GIS risk 
assessment approach to locating and mapping the areas, buildings, and populations from the most 
to the least at risks with a fine spatial scale for urban flood risk management. The numbers of 
vulnerable buildings and populations within each risk category are quantified and their 
distributions are mapped. Therefore, revealing population’s and buildings’ risks and their 
geographic information, this flood risk assessment can help local governments and communities 
prepare better to take actions against future urban flood events in Birmingham, and this integrated 
GIS and cartographic analysis for fine flooding assessments can be applied to other urban areas 
for flood mitigation and risk management.  
3.2 Introduction 
Flood causes an enormous amount of deaths and property damages around the world 
(CEOS Disaster Management Support Group, 2002). In recent years (1995-2015), flood alone is 
responsible for 47 percent of weather-related disasters and affected 2.3 billion people globally 
(UNDP, 2015). Floods are affecting both developing and developed countries. For instance, in 
1998, around 30 million peoples were affected by floods in developing countries like Bangladesh 
(Khan et al., 2011). Thailand also experienced a devastating flood in 2011, which caused 500 
deaths (Orok, 2011). As a developed country, flood claimed over 10,000 lives in the United States 
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since 1900 (Adeoye et al., 2009). According to EM-DAT (2013), Europe faced more than 1,100 
deaths and 60 billion euros as property damage from 1998 to 2009. All these statistics and studies 
show that flood is one of the leading natural disasters that affect both people and property.  
Urban flooding is one of the main issues for developed countries, including the United 
States. However, urban flooding is often neglected in urban planning, although it has a significant 
impact on urban communities. Instead of urban flooding, most of the time, the riverine and coastal 
floods get more attention as they seemed posing more threats and getting more attentions (White, 
1945, 1964; Ward, 1978; UNDRO, 1976). The urban areas are most vulnerable to flash floods 
because of their impermeable surfaces, which impede the infiltration of water and create overland 
flow (Okyere et al., 2013). According to U.S. Federal Emergency Management Agency (FEMA), 
urban flooding is considered as “the inundation of property in a built environment, caused by rain 
falling on impervious surfaces and overwhelming the capacity of drainage systems.” The 
frequency of flood is typically increasing in urban areas as urban developments are enhanced and 
spreaded out (Balica et al., 2012). Lack of urban planning in the urbanization process is another 
reason, which makes urban areas vulnerable to floods. The drainage systems were blocked due to 
uncontrolled building constructions, which are the consequences of lack of urban planning that 
have caused severe flood events (Karymbalis et al., 2012; Skilodimou et al., 2003). Urban flooding 
not only causes the property damages but also is responsible for deaths and injuries (Diakakis, 
2013; Diakakis et al., 2012; Maroukian et al., 2005; Mimikou et al., 2002; Mimikou and 
Koutsoyiannis, 1995). Urban floods in Cook County, Illinois, between 2007 to 2011 caused 660 
million dollars property damages, and a survey shows that this area was flooded three or more 
times in five years (Festing et al., 2014). The previous study also shows that in the United States, 
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urban flooding is increasing and causes a significant amount of economic loss, and housing 
inequality (Urban Flood Report, 2018).  
Flooding is affecting most of the low-lying regions in recent years (IPCC, 2001; Sweet and 
Park, 2014). The low-lying inland regions, particularly many southeastern cities of the United 
States are experiencing extreme rainfalls, which increase the flood frequencies and impact on the 
growing population and infrastructures in the urban areas (Carter et al., 2018). According to the 
U.S. National Climate Report (2018), the average annual precipitation rate of the U.S in 2018 was 
34.63 inches (879.602 mm) that are 4.36 inches (110.744 mm) higher than the average of the last 
35 years. As the average rate of precipitation is increasing, it causes the growing rates of urban 
flooding and then significant economic losses in the United States (Urban Flood Report, 2018). 
From 1960 to 2017, about 34% of natural disasters around the world were related directly to flood, 
which caused 1, 254 deaths and $2.5 billion economic damages (Petti-Boix et al., 2017). The Urban 
Flood Report (2018) also indicates that the U.S. faces 3,600 urban floods in the past 25 years, 
which is equal to one event in every two or three days. Since the rate of urban flooding is increasing 
aggravatedly, people who live in urban areas are getting more vulnerable to floods. However, past 
studies reveal that the urban areas with high population density possess a higher risk of floods (Jha 
et al., 2011; Lyu et al., 2018a, b). The number of urban populations in the southeastern region of 
the United States is increasing, and this region contains the 20 fastest growing metropolitan areas 
(Census Bureau, 2017; Rifat and Liu, 2019). Recently, this region faces severe floods caused by 
extreme rainfalls from Hurricanes Florence and Michael. These two hurricane events caused $24 




Most of the flood studies used GIS to assess the flood risk. Youssef et al. (2011) used 
remote sensing techniques in a GIS environment to estimate the flash flood risk. Recently, Darabi 
et al. (2019) introduced two machine learning models, namely Genetic Algorithm Rule-Set 
Production (GARP) and Quick Unbiased Efficient Statistical Tree (QUEST), to assess the flood 
risk in Sari city, Iran. In their methods, they considered several factors and found that the distance 
to channel and population density influence most of the flood risk. Multi-criteria decision-based 
analysis such as Analytical Hierarchical Process (Fernández and Lutz, 2010) in GIS is also 
prevalent for flood risk assessment. Ouma et al. (2014) used the Analytical Hierarchy Process and 
GIS to estimate the flood risk in Eldoret Municipality in Kenya. Nevertheless, all these methods 
in different studies considered different factors related to floods, but some common factors exist 
in all methods. 
To the best of our knowledge, this research is the first to explore individual residential and 
business buildings for flooding risk assessment and mapping at a fine spatial scale. We applied a 
spatial multi-criteria index method to identify most and least flood risk areas in the floodplain area 
of Birmingham, AL, USA. We then identify and map the number of residential and commercial 
buildings located at each level of flood risk areas and quantify and map the number of populations 
located at each level of flood risk. This flood risk assessment is essential for urban areas, because 
it helps the policymakers understand flood risk levels and their impacts on residential/business 
buildings and populations, and then design the protection measures, which helps reduce the 
casualty and damages.  
3.3 Study Area 
The city of Birmingham is located in Jefferson County, central Alabama. Birmingham is 
the most populous city in Alabama (United States Census Bureau, 2019) and 49th most populous 
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city in the United States. Birmingham is vulnerable to floods due to the major flood hazard areas 
across Birmingham city, including Five Mile Creek, Village Creek, Valley Creek, Shades Creek, 
and their tributaries, the high density of population, and the recent condensed urban development 
(City of Birmingham, 2019). Climate changes further aggravate the flooding vulnerability to urban 
communities and businesses. Notably, along with Village Creek, the area is prone to flash flooding 
associated with severe thunderstorms. In 1996, the flood that occurred in Village Creek resulted 
in a Federal disaster declaration ((Federal Emergency Management Agency, 2000). After that, the 
City of Birmingham received two FEMA-HMGP (FEMA Hazard Mitigation Grant Program) 
grants. The funds were used to acquire 250 properties approximately in the Ensley neighborhood 
in Village Creek ((Federal Emergency Management Agency, 2000). 
Birmingham had been affected by nine major flood events between 1995 and 2003. Before 
1995, the 100-year floodplain areas within the city were flooded repetitively. The 100-year 
floodplains of Birmingham consist of eight significant watersheds including Village Creek, Valley 
Creek, Turkey Creek, Five Mile Creek, Shades Creek, Black Warrior River, Cahaba River, and 
Little Cahaba River. Among these creeks, Village Creek has the most severe records of repetitive 
floods ((Federal Emergency Management Agency, 2000). Between 1995 and 2015, Village Creek 
has flooded fourteen times ((Federal Emergency Management Agency, 2000).  
 According to the National Oceanographic and Atmospheric Administration (NOAA), the 
average rainfall in Birmingham city is 53.99 inches (1371.346 mm) per year. Village Creek 
experienced major floods mostly between November and April as it produces heavy rainfall during 
this period (U.S. Geological Survey, 1991). Due to the high rainfall in a year, flash floods are very 
common in Birmingham. Additionally, the inadequate capacity of the storm sewer drainage 
systems further aggravates the severity of flash floods in Birmingham. The severity of flash floods 
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also is related to land cover types. In Birmingham city, most of the lands are covered with 
impervious materials that produce higher runoff rates, which hence cause floods for the local 
communities. 
 In this study, the 100-year floodplain area in Birmingham is used as the study area (Figure 
3.1). Federal Emergency Management Agency (FEMA) usually delineates the 100-year floodplain 
to administer the floodplain management program. The 100-year floodplain is the area that has a 
one percent annual chance of flood.  
 
Figure 3.1 The 100-year floodplain areas in Birmingham city, AL, USA. 
 
3.4 Methodology and Data 
An integrated GIS and cartographic risk modeling approach is developed, which mainly 
includes three steps of analysis. 1) To develop a flood hazard index and a flood risk map as well 
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as quantify the most and least flooding risk areas in Birmingham; 2) to map and quantify the 
numbers of residential and commercial buildings located within the most and least flood risk areas; 
and 3) to identify the number of people who are the most and least vulnerable to floods in the 
Birmingham city.  
 




3.4.2 Flood Hazard Indicators 
Hazards can be defined as an extreme geophysical event that is harmful to humans and is 
capable of causing a disaster (Alexander, 2000). Flood hazards can come from either natural 
variability in meteorological conditions or from human actions such as deforestation or intensive 
use of land (Haque, 1997). Therefore, it is important to identify the flood hazard indicators to 
develop flood hazard index and create a flooding risk map. The creation of flood hazard index is 
important because it is going to be used to define flood risk levels and the related populations 
and buildings in urban communities. The creation of flood hazard index is important because it is 
going to be used to define flood risk levels and the related populations and buildings in urban 
communities. After talking with flooding experts including the City Birmingham officers and 
reviewing the literature, we have selected six flood hazard indicators for urban flooding 
assessments based on previous studies (Bathrellos et al., 2016; Fernandez and Lutz, 2010; Ghosh 
and Kar, 2018; Ouma and Tateishi 2014; Siddayao et al., 2015) and field observations that are 
causing the floods in Birmingham, AL.  
Table 3.1 Urban flood factors and the weighting scheme. 







> 6,000 10 
Geology (soil group) A (Very low runoff) 2 
B (Low runoff) 4 
C/D, B/D (Moderately low/high runoff) 6 
C (High runoff) 8 
D (Very high runoff) 10 




Table 3.1 (continued) 
Factors (unit) Class  Ranking  
Shrub 4 
Cultivated Crops 6 
Barren Land 8 
Urban 10 
Slope (percent) > 38.38 2 
21.27 - 38.37 4 
10.90 - 21.26 6 
3.64 - 10.89 8 
0 - 3.63 10 
Elevation (m) > 195.79  2 
172.20 - 195.78 4 
150.69 - 172.19 6 
109.06 - 150.68 8  
0 - 109.05 10 
Distance from River 
(m) 






In this research, we use the 100-year floodplain areas in Birmingham city as the primary 
study area. We consider environmental factors of the elevation, slope, flow accumulation, land-
use, soil types, and distance to a river; among these six factors, elevation, slope, and distance from 
the river could directly result in the flow accumulation causing flooding that is indirectly affected 
by land-use and soil types. Each factor was then categorized into five groups. The Jenk’s natural 
break method was used for the classification, as this method has been used in similar studies 
(Hossain and Meng, 2020b; Huan et al., 2012; Kazakis and Voudouris, 2015). Based on the factor 
assessment analysis of the levels of flood risk, we weight each factor using a scale of 2 to 10. Here, 
2 stands for very low risk, and 10 stands for very high risk (Table 6). Then, we used thematic 
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mapping methods to visualize all these six flood hazard indicators in Birmingham, AL (Appendix 
B). Nevertheless, we did not consider rainfall intensity, as it was already considered for the 100-
year floodplain areas in Birmingham. 
3.4.2.1 Flow Accumulation  
Flow accumulation is an important parameter in defining the flood risk areas. It is evaluated 
using the combination of the weight of all cells flowing into each downslope cell, which is then 
output into a new raster. In a flow accumulation raster, cells with high flow accumulation values 
indicate that the flow of water is highly concentrated there. This also shows that the flooding 
chances are higher in those locations. In the study area, the flow accumulation values are 
categorized into different risk levels (Table 3.1; Appendix B, Fig. B1). 
3.4.2.2 Soil Types  
Soil types are another critical factor which also indirectly affects the levels of risk in flood 
areas. Different types of soils can increase or decrease the levels of risk. For example, the 
impermeable rocks help the surface runoff, whereas permeable formation enhances water 
infiltration. In this study, five types of hydrologic soil group data were considered to determine 
the levels of risk in flood areas. These data were collected from the United States Department of 
Agriculture’s (USDA) website. USDA assigned the soils in different hydrologic soil groups based 
on the water infiltration (Musgrave, 1955). The five types of hydrologic soil groups are group A, 
group B, group C, group D, and dual hydrologic groups (C/D and B/D). Here, group A, group B, 
group C, and group D have very low, low, high, and very high runoff potential, respectively 
(USDA - National Resources Conservation Service, 2007). The dual hydrologic soil groups also 
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favorable for water transmission and have lower surface runoff than both groups C and D. Table 
3.1 and Appendix B, Fig. B2 shows the rating for each soil group. 
3.4.2.3 Land-use  
The land-use types affect the flooding in urban areas. For instance, building construction 
in urban areas by removing vegetation increases surface runoff from rainfall. The water infiltration 
rate is also dependent on land-use patterns. The land cover dataset for the Birmingham area was 
collected from Multi-Resolution Land Characteristics (MRLC) Consortium’s website (MRLC, 
2019). The land cover data were categorized into five groups, such as forest, shrub, cultivated 
crops, barren land, and urban land. In these groups, urban land possesses a higher risk as it favors 
the surface runoff from rainfall. Forest possesses a lower risk as it favors water infiltration, and 
other land cover categories are ranked between urban lands and forest lands (Table 3.1, Appendix-
A, Fig. A3). 
3.4.2.4 Slope  
The risk of flooding also depends on the angle of slopes (Khosravi et al. 2016; Mukerji et 
al., 2009; Pradhan, 2010; Tehrany et al., 2013). The steep slopes increase the velocity of surface 
runoff and reduce the water infiltration rate. Hence, the lower areas with flat slopes will catch more 
surface runoff water and will increase the flood risk (Khosravi et al., 2016). In this research, the 
percent of the slope was calculated and categorized into five categories. If the percentage of the 
slope is higher, it means steep slopes and possesses lower risk; if the percent of slopes are lower, 
it means the land is relatively flat and possesses a higher risk of flood (Table 3.1, Appendix B, 
Fig. B4).  
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3.4.2.5 Elevation  
The elevation is considered one of the most influential factors in flooding (Tehrany et al., 
2015). The areas with higher elevation values possess a lower risk of flooding, and lower elevation 
possess a higher risk of flooding as the water flows from higher to lower elevations (Cao et al., 
2016). In this research, 10 meters resolution of DEM was used, and it was downloaded from 
USGS’s website (USGS, 2019). The elevation was categorized into five classes and assigned 
values according to the levels of risks. The highly elevated areas receive lower values as they 
possess a lower risk, and flat areas received higher values as they possess a higher risk (Table 3.1, 
Appendix-A, Fig. B5). 
3.4.2.6 Distance from River  
The areas that are located near a river often have a higher probability of flood occurrence, 
which could experience a higher risk of flooding (Butler et al., 2006; Ologunorisa and Abawua, 
2005). Hence, distance to a river is an important factor in determining flood risks (Fernandez and 
Lutz, 2010). The distance to a river was calculated using GIS. The areas that are located near a 
river are considered high-risk areas for flood. These areas receive higher values. Conversely, the 
areas located further away from a river possess lower risk; hence, a lower value is assigned to these 
areas (Table 3.1, Appendix B, Fig. B6).  
3.4.3 The Flood Risk Model Using the Analytical Hierarchical Process (AHP) 
AHP is a multi-criteria decision-making approach that is based on quantitative assessment 
(Saaty, 1980). It employs a pairwise comparison where all relevant criterions are compared against 
each other to arrive at a scale of preference (Danumah et al., 2016; Rimba et al., 2017). The 
pairwise comparison has been made on the best information available, and the decision maker’s 
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knowledge and experience (Fernandez and Lutz, 2010). The scale of pairwise comparison ranges 
from 1 to 9, which indicates equal importance to extreme importance, respectively (Table 3.2). 
The benefits of using AHP is that it breaks down the problem into a hierarchy that helps the 
decision-maker solve the problems (Mondal and Maiti, 2013; Murali et al., 2013; Razandi et al., 
2015; Saaty. 1977; Sar et al., 2015). 
In this research, the AHP was used to assign weights to each flood hazard indicator. Firstly, 
the pairwise comparisons have been made for all indicators, and a 6 X 6 matrix was created by 
giving the weights based on their relative importance (Table 3.3). In the matrix, each row shows 
the value that is the result of the comparison of two flood hazard indicators. For example, in Table 
3.3, the first row shows the comparison between the elevation and all other indicators. Here, the 
elevation is more important than the soil types; hence, it received a weight of 7. However, the 
comparison was inversed when we compare the soil with elevation in the sixth row. In the next 
step, the Eigenvector matrix was created by normalizing the values of the pairwise matrix (Table 
3.4). The normalization has been done by dividing each column by corresponding sums (Ghosh 
and Kar, 2018; Ouma and Tateishi 2014; Siddayao et al., 2015). In the final step, the average value 
of each row was computed and multiplied by 10 to calculate the weights, which will then be used 
to form the urban flood risk model. 
Table 3.2 Scale for pairwise comparison (According to Saaty and Vargas, 1991). 
Intensity importance Description 
1 Equal Importance 
3 Moderate importance 
5 Strong importance 
7 Very strong importance 
9 Extreme importance 
2,4,6,8 Intermediate values 




Table 3.3 Comparison matrix for urban flood hazard indicators 
 













Sum Mean Weight 
Elevation 0.32 0.31 0.37 0.28 0.24 0.30 1.83 0.30 3.05 
Distance to 
river 
0.32 0.31 0.37 0.28 0.24 0.22 1.74 0.29 2.90 
Land-use 0.11 0.10 0.12 0.28 0.16 0.22 0.99 0.17 1.65 
Flow 
accumulation 
0.11 0.10 0.04 0.09 0.24 0.09 0.67 0.11 1.12 
Slope 0.11 0.10 0.06 0.03 0.08 0.13 0.51 0.09 0.86 
Soil types 0.05 0.06 0.02 0.05 0.03 0.04 0.25 0.04 0.42 
Total 1.00 1.00 1.00 1.00 1.00 1.00 6.00 1 10 








Elevation 1 1 3 3 3 7 
Distance to river 1 1 3 3 3 5 
Land-use 1/3 1/3 1 3 2 5 
Flow 
accumulation 
1/3 1/3 1/3 1 3 2 
Slope 1/3 1/3 1/2 1/3 1 3 
Soil types 1/7 1/5 1/5 1/2 1/3 1 
Total 3.14 3.20 8.03 10.83 12.33 23 
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3.4.4 The Consistency Check of AHP 
 
Before the direct applications of the AHP flood risk model as the weighted factors in Table 
3.4, we need to check the consistency of the Eigenvector matrix and confirm the reliability of this 
weighting scheme (Table 3.4). The following equation (Saaty, 1980) was used to check the 
consistency: 




where, CR= consistency ratio, CI= Consistency index, and RI= Random index for flood hazard 
indicators (Table 3.5). The Consistency Index (CI) was calculated using the equation (Saaty, 1980) 
below: 




where, 𝜆𝑚𝑎𝑥= the largest eigenvalue of the matrix. First, the column total of each indicator (Table 
3.3) was multiplied with the mean value of corresponding indicators (Table 3.4), and then the sum 
of these values was calculated to get the value of 𝜆𝑚𝑎𝑥.  n is the number of flood hazard indicators.  
Table 3.5 Random Index (RI) for flood hazard indicators 
N 1 2 3 4 5 6 
RI 0 0 0.58 0.90 1.12 1.24 
 
According to the theory of AHP, if the value of CR is less than 0.10, that means the weights 
have maintained the consistency, which also indicates the reliability of the matrix. By solving 
equation (3.1) and (3.2), we found the values below for our study: 
RI= 1.24, n= 6, 𝜆𝑚𝑎𝑥= 6.4458, CI= 0.0892, and CR= 0.0719. Since the CR value is less than 0.10, 
it suggests that the consistency was maintained for the weights, and we can rely on the matrix. 
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Then, the final model was developed after analyzing each flood hazard indicator separately and 
assigning the weights to each indicator using AHP. Below, we obtain the final flood risk model. 
Flood Risk Model = 3.05 x Elevation + 2.90 x Distance from River + 1.65 x Land-use 
+ 1.12 x Flow Accumulation + 0.86 x Slope + 0.42 x Soil types  
(3.3) 
 Then, we can use ArcGIS to compute the equation (3.3) to produce the final flood risk map. 
The final flood risk map is classified, and the categories of risk in five levels of very low, low, 
moderate, high, and very high are mapped.  
3.4.5 Spatial Validation of the Flood Risk Model Using Historical Flood Events Data 
We then validate our final flood risk model by using the historical flood event data. Due to 
the availability of historical flooding data, only the historical flood data of 2003 and 2004 were 
used. The historical flood event maps of May 7, 2003, September 22, 2003, February 5-6, 2004, 
and September 5-6, 2004 were downloaded from the Birmingham City Council’s website 
(Birmingham City Council, 2019), and were digitized accordingly in ArcMap. The total flooded 
area was calculated for both 2003 and 2004 flood events. To validate the flood risk model, we first 
calculated the percentage of historically flooded areas at each flood risk level. We believe if most 
of the historically flooded areas are located within the moderate to very high flood risk zones, it 
would confirm the reliability of our integrated GIS and cartographic urban flood risk model.  
3.4.6 The Estimation of Potentially Affected Population and Buildings  
After we analyzed the final flood risk map, the next step was to calculate the vulnerable 
populations and buildings that are located in flood risk areas. Figure 3.2 sketches the building data-
driven GIS analytics of urban flooding risks.  
The numbers of vulnerable population and buildings were calculated at each level of flood 
risks for the flood zones in each creek basin (Figure 3.2). The numbers of the population were 
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calculated based on the number of households located in flood risk areas. According to U.S. Census 
Bureau, the number of persons per household in Jefferson County (2013-2017) is 2.46 
(QuickFacts, Jefferson County, AL, 2018). This number is then used to multiply the number of 
households in a flood risk level area to obtain the total number of populations facing a certain level 
of flood risk in a river/creek area. Thus, it forms an unbiased population estimation approach.  
After calculating the total population, it was overlaid with a flood risk map in ArcGIS to quantify 
and map the vulnerable populations for each creek area at each flood risk level (Figure 3.2). Little 
Cahaba River and Black Warrior River areas are excluded from the population analysis, because 
no one lives there.  
 In this research, we consider the residential and commercial buildings for vulnerable 
buildings analysis due to flood exposure. The buildings’ data were collected and provided by the 
City of Birmingham’s office. We analyzed the buildings into single-family detached, single-family 
attached, duplex, and multi-family rooming (Figure 3.2). When we did residential building 
analysis, Little Cahaba River and Black Warrior River areas were excluded, since these areas do 
not have any residential buildings. However, for commercial buildings analysis, only Five Mile 
Creek, Valley Creek, and Village Creek areas were considered, because only these areas have 
commercial buildings; other creek areas were excluded due to the fact that no commercial 
buildings are located in there. Similar to populations’ data analysis, GIS techniques were used to 
calculate the total number of vulnerable commercial and residential buildings at an individual flood 




3.5.1 The Final Flood Risk Model 
The final flood risk model was created by using the equation (3.3) and shown in the map 
(Figure 3.3). Flood risk was categorized into five levels, such as very low, low, moderate, high, 
and very high by using the Jenks’ Natural Breaks method in GIS. This method was used because 
it identifies the classes statistically with similar values and also divides the classes where big 
differences exist between attribute values (Smith, 2010).  
 The result shows that overall, most of the creeks areas face moderate to very high flood 
risk in Birmingham. Table 3.6 also indicates that about 18.02 square kilometers of Birmingham’s 
floodplain areas are under moderate to very high flood risk, which is 79.82 percent of total 
floodplain’s area. On the other hand, only 4.72 percent of floodplain areas are subject to very low 
flood risk (Table 3.6). This result also suggests that the local communities who are living in theses 
floodplains area are highly vulnerable to floods. 
The result indicates that the Valley Creek area is the highest flood risk zone in Birmingham. 
Most of the areas of Valley Creek possess high to very high flood risk, and that is about 80.43 
percent of Valley Creek’s total floodplain area (Table 3.6). These high flood risk zones are located 
in the north-east and central part of the Valley Creek area (Figure 3.3). Only 2.69 percent of Valley 
Creek’s floodplain considered a very low flood risk zone (Table 3.6). 
The Village Creek area is one of most the populated areas in Birmingham, and flood 
activities are very common here. Village Creek was flooded fourteen times between 1995 and 
2015 (City of Birmingham, 2016). This historical flood activity shows the frequency of flood in 
this area, which also suggests that this is one of the most flood-prone areas in Birmingham. The 
results of this analysis also reveal a similar story. The flood risk map shows that the south-western 
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part of Village Creek faces high to very high flood risk (Figure 3.3). Some areas of the central 
part and north-east part of Village Creek face moderate and low flood risks, respectively. The total 
floodplain area of Village Creek is 11.08 square kilometers, and 8.94 square kilometers areas are 
considered as moderate to very high flood risk zones, which are 80.69% of Village Creek’s total 
floodplain area (Table 3.6). In addition to that, 2.74% and 16.54% of Village Creek’s total 
floodplain areas are considered as very low and low flood risk zone, respectively. 
Black Warrior River area also faces high flood risks. This area was the third highest flood 
risk region after Village Creek and Valley Creek according to the percentages flood risk areas at 
both high and very high levels. In total, 68.82 percent of Black Warrior River’s area faces high to 
very high flood risk (Table 3.6). Only 6.61 percent area faces a low flood risk. Most of the areas 
at the high and very high flood risk levels are located in the north-east and south-west part of the 
Black Warrior River (Figure 3.3). 
Table 3.6 The area and its percentage affected by floods at each level of risk. 
Floodplain Areas Level of Flood Risk (Area in sq.km and %) Total 
Very Low Low Moderate High Very High 










































0.24 (9.62) 2.45 
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The areas of the Little Cahaba River generally face moderate to high flood risks. Only 13.8 
percent of Little Cahaba River’s floodplain areas face very low to low flood risk (Table 3.6). 
About 13.43% of floodplain faces moderate risk, whereas 63.15 percent faces high flood risk 
(Table 3.6). Most of the high flood risk areas are located in the north-east part of the Little Cahaba 
River (Figure 3.3).  
 The total area of Shades Creek is 1.27 square kilometers, and the percentage of area that 
faces flood risk is very close at each level of flood risk. For instance, 15.05%, 27.74%, 18.65%, 
and 24.13% of Shades Creek’s total floodplain area face low, moderate, high, and very high flood 
risk, respectively (Table 3.6). However, in combined, about 70.52% area faces moderate to very 
high flood risk, but 29.48% area faces low to very low flood risk. The area mostly faces a very 




Figure 3.3 Flood risk levels in the Birmingham floodplain. 
 
Five Mile Creek areas do not possess much higher risk compared to other creek areas. Only 
10.68 percent and 0.12 percent of Five Mile Creek’s areas face high and very high risk, 
respectively. About 38.71 percent of Five Mile Creek’s floodplain area faces moderate-high risk 
(Table 3.6). Although the percent for moderate flood risk is higher, the total area (0.99 square 
kilometers) of Five Mile Creek is relatively small compared to other creeks in flood areas. The 
areas that possess moderate flood risk are located in the west and east parts of the area (Figure 
3.3).  
 Among all the areas, the Cahaba River area comparatively faces lower flood risks. Most of 
the areas face very low to moderate flood risk, and the percentage of very high flood risk areas is 
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only 2.93 percent. About 33.85 percent and 30.86 percent of Cahaba River’s total floodplain area 
faces very low and low flood risk, respectively. However, about 22.59 percent area faces moderate 
flood risk (Table 3.6). Most of the low flood risk areas are located in the south-west and north-
east parts of the area (Figure 3.3).  
3.5.2 Spatial Validation of the Flood Risk Model 
We first compared the 2003 and 2004 flood events’ areas with the 100-year floodplain 
(Table 3.7). The results indicate that most of the areas affected by floods were within the 100-year 
floodplain area except the flood that occurred on May 7, 2003. During that flood event, only 36.77 
percent was within the 100-year floodplain, while 87.86%, 76.51%, and 64.58% flooded areas 
within the 110-year floodplain in the flood events of September 2003, February 2004, and 
September 2004, respectively. In the following validation analysis of our GIS-Cartographic flood 
risk model, we considered only the historically affected flooded areas, which are located within 
the 100-year floodplain area.  
Table 3.7 Historical flooded areas and the 100-year floodplain 
Historical flood 
events 
Total flooded areas in 
Birmingham (sq.km) 
Total flooded areas in the 100-year 
floodplain of Birmingham (sq.km and %) 
May 7, 2003 5.49 2.02 (36.77) 
September 22, 2003 0.18 0.16 (87.86) 
February 5 and 6, 
2004 
1.56 1.19 (76.51) 
September 15 and 
16, 2004 
1.63 1.05 (64.58) 
  
In the next step of the analysis, we calculated the areas that were affected in the 100-year 
floodplain at each level of flood risk by using the results of the flood risk model. The results 
indicate that about 75.47 percent of the areas that were affected by the flood on May 7, 2003, are 
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located within the moderate to very high flood risk zones, whereas only 1.97 percent is located in 
very low flood risk zones (Table 3.8). About 99.94 percent of the areas that were affected by the 
flood on September 22, 2003, are located within the high and very high flood risk zones. The total 
areas that were affected by floods on February 5 and 6, 2004, are 1.19 square kilometers and about 
99.36 percent of these areas are located within moderate to very high flood risk zones (Table 3.8). 
Similarly, for the flood of September 15 and 16, 2004, about 90.46 percent of total flooded areas 
are located within moderate to very high flood risk zones. The areal percentages of historically 
affected flooded areas are much higher for the moderate to very high flood risk zones than the very 
low and low risk zones, and the historical flood events map was created and illustrated over the 
flood risk map, which shows that most of the flood-affected areas are located within moderate to 
very high flood risk zones (Figure 3.4, Table 3.8). Therefore, our flood risk model is successfully 
validated spatially, which confirms the reliability of the integrated GIS-Cartographic risk model 
for urban flood (Table 3.8). 
Table 3.8 The area and its percentage affected by historical floods at each level of flood risk. 
Level of flood 
risk in a 100-year 
floodplain area 
The areas in sq.km and % 
May 7, 2003 September 22, 
2003 
February 5 and 
6, 2004 
September 15 
and 16, 2004 
Very low 0.04 (1.97) 0 (0) 0 (0) 0 (0) 
Low 0.46 (22.56) 0 (0) 0.01 (0.64) 0.10 (9.53) 
Moderate 0.82 (40.55) 0.000098 (0.06) 0.18 (15.24) 0.21 (19.76) 
High 0.50 (24.82) 0.05 (33.29) 0.38 (31.86) 0.41 (39.08) 




Figure 3.4 Spatial validation of the flood risk model using historical flood events.  
 
3.5.3 Populations in the Flood Risk Zones 
To map and quantify the numbers of populations located at each flood risk level is a key 
component of flood damage prevention and monitoring. The detailed summary has shown in Table 
3.9. The results show most of the populations in the Valley Creek area are located in high and very 
high flood risk zones. About 1,068 and 2,214 people are located in high and very high flood risk 
zones that approximate 28.73 percent and 59.56 percent of Valley Creek’s total population, 
respectively. (Table 3.9; Appendix B, Fig. B7).  
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The Village Creek area has the highest number of populations who are vulnerable to flood 
hazards. The total number of vulnerable populations located in Village Creek is 8,690. Among 
these populations, about 64.4 percent of populations located in moderate, high, and very high flood 
risk areas (Table 3.9; Appendix B, Fig. B7). About 2,780 people are located in a low flood risk 
area that approximates 31.99 percent of the area’s total population.  
Table 3.9 The number of populations affected by floods at each level of risk. 
 
In the Five Mile Creek area, a total of 128 people is located in flood risk areas (Table 3.4), 
and they are mostly in moderate flood risk areas (Figure 3.4). The total number of the population 
who lives in moderate flood risk area is 118, which is 92.31 percent of Five Mile Creek’s total 
population. 
 The number of populations in the Shades Creek area is also low, and most of them are 
located in low flood risk areas. The total number of populations in the Shades Creek area who are 
vulnerable to flood hazard is 194. Among these populations, 93 people live in the moderate flood 





Low Moderate High Very High Total 
Valley Creek 277 
(7.45) 


















Shades Creek 0 (0) 101 (51.90) 93 (48.10) 0 (0) 0 (0) 194 (100) 
Five Mile 
Creek 
0 (0) 5 (3.85) 118 (92.31) 5 (3.85) 0 (0) 128 (100) 
Cahaba River 0 (0) 0 (0) 15 (100) 0 (0) 0 (0) 15 (100) 














Fig. B7). Similarly, for the Cahaba River area, only 15 people are located in flood risk areas, and 
all of them are located in the moderate flood risk areas (Table 3.9; Appendix B, Fig. B7).  
3.5.4 Residential and Commercial Buildings at Different Risk Levels  
The number of residential and commercial buildings, which are vulnerable to floods, are 
also counted and mapped at each flood risk level in each creek area (Figure 3.4). In the Village 
Creek area, there is a total of 2,742 residential buildings that are located in a flood hazard area 
(Table 3.10). Among these buildings, 33.37 percent are located in a low flood risk area. The total 
numbers of residential buildings that are located in moderate, high, and very high flood risk areas 
are 347, 1,047, and 331, respectively.  Most of these buildings are located in the central part and 
south-west part of the Village Creek area (Figure 3.5).  
 The Valley Creek area has the second-highest number of residential buildings that are 
vulnerable to floods. There are entire 1,092 buildings located in flood risk zones of Valley Creek 
area (Table 3.10). The number of residential buildings located in a very high flood risk area is 
613. That approximates 56.14 percent of the area’s total buildings. Most of these buildings are 
located throughout the area, particularly from north-east to south-west (Figure 3.5). Compared to 
Village Creek and Valley Creek area, the number of vulnerable residential buildings is much lower 
in Five Mile Creek, Shades Creek, and Cahaba River area. Five Mile Creek has a total of 52 
residential buildings that are vulnerable to floods, and most of them are located in moderate flood 
risk areas (Figure 3.5). Similarly, for Shades Creek area, only 79 residential buildings are 
vulnerable to floods, and all of them are located in the low and moderate risk areas (Figure 3.5). 
In the Cahaba River area, only six residential buildings are vulnerable to floods, and all these six 




Figure 3.5 Map residential buildings at each flood risk level. 
Table 3.10 The number of residential buildings (and its percentage) affected by floods at each 
level of flood risk. 
Floodplains  Very Low Low Moderate High Very 
High 
Total 
















Shades Creek 0 (0) 41 (51.9) 38 (48.1) 0 (0) 0 (0) 79 (100) 
Five Mile 
Creek 
0 (0) 2 (3.85) 48 (92.3) 2 (3.85) 0 (0) 52 (100) 
Cahaba River 0 (0) 0 (0) 6 (100) 0 (0) 0 (0) 6 (100) 














 For commercial buildings, Village Creek and Shades Creek have the highest numbers of 
commercial buildings that are vulnerable to floods. In Village Creek, there is a total of 426 
commercial buildings located in the floodplain area. Among these commercial buildings, 150, 138, 
and 61 commercial buildings are in the moderate, high, and very high flood risk areas, respectively 
(Table 3.11). Among all commercial buildings, about 16.67 percent of buildings are located in the 
low flood risk areas. The commercial buildings that face high and very high flood risk are located 
in the central and south-west parts of the Village Creek (Figure 3.6). 
 Valley Creek area has a total of 73 commercial buildings that are vulnerable to floods. A 
total number of 55 commercial buildings face very high flood risk that approximates 75.34 percent 
of the area’s total commercial buildings (Table 3.11). Most of the commercial buildings, which 
are within the very high flood risk zones, are located in the north-east part of the area (Figure 3.6). 
For Five Mile Creek, only two buildings are vulnerable to floods and face low flood risk. These 
two buildings are physically located in the east part of the area. 
Table 3.11 The number of commercial buildings and the percentage affected by floods at each 




Very Low Low Moderate High Very High Total 
Valley Creek 1 (1.37) 1 
(1.37) 
2 (2.74) 14 
(19.18) 
55 (75.34) 73 (100) 






61 (14.32) 426 (100) 
Five Mile Creek 0 (0) 2 (100) 0 (0) 0 (0) 0 (0) 2 (100) 










Figure 3.6 Map commercial buildings at each flood risk level. 
 
3.6 Discussions 
Currently, quite a few studies have been done on flood hazard index, for example, Hossain 
and Meng (2020) has developed a new thematic mapping method to map urban flood risks, but 
none of those studies has been focused on urban flood risk analytics for a fine spatial risk analysis, 
especially the estimation and mapping of residential buildings, commercial buildings, and the 
unbiased population estimation at each flood risk level. We design this building data-driven 
analytics to accurately estimate both buildings and populations facing flood exposure at different 
risk levels. The individual building identification and fine mapping, as well as unbiased population 
estimations, provide a key insight of the understanding of urban flood risk assessment and 
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monitoring, which will eventually help local governments and communities to effectively 
understand potential severity and damages of floods and therefore also serve for flooding risk and 
damage prevention. 
This research shows how environmental factors related to urban flood risks. In Birmingham 
city, the Valley Creek area faces the most flood risk, as the recent flood events (December 2015, 
December 2016, April 2017, September 2018, and December 2018)  indicate the frequency of 
floods in this area (US Army Corps of Engineers, 2019). The Valley Creek area in Birmingham 
faces higher flood risk because the drainage area of this creek lies within the Birmingham 
Metropolitan area. The urban land-use type of this area is another driving force, which aggravates 
this area’s high flood risk. Most of the land-use types in this area are residential, commercial, and 
industrial, which significantly reduce the water infiltration rate and enhance the overland flow that 
makes this area a high risk one. The significantly large numbers of residential and commercial 
buildings make this area both socially and physically vulnerable to floods. Due to the high flood 
frequencies and recent flood events, this area recently received a $3 million federal grant, which 
will be used by the Army Corp of Engineers to find possible solutions to flood (Collins, 2018). 
 Village Creek is the second most flood-prone area, where many populations and buildings 
are vulnerable to floods. Fortunately, only the south-west part of Village Creek faces a high flood 
risk, which may be due to south-west direction of water flow. As the water flows from north-east 
to south-west in the Village Creek area, that suggests the south-west part has lower elevations and 
a relatively flat slope, which catch more water and overflows. The land-use pattern in this area is 
dominated by developed and urban parcel, which make this area vulnerable to flood. However, the 
land-use pattern of the north-east part in the Village Creek is also urban, but this area faces 
moderate to low risk since this area is highly elevated with a moderate slope; and most of the soil 
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types in this area are group B and the dual hydrologic group, which also reduces the severity of 
surface runoff in this area. 
 The City of Birmingham's officials have done most of the studies and published them as 
reports. However, those studies were not able to identify the root causes behind the floods and the 
areas which have more severe exposure to floods. Most of their studies include watershed 
development plan and disaster economic evaluation, which falls under the post-disaster recovery. 
Our study reveals and maps the flood risk levels especially the high flood risk areas in the 
floodplain of Birmingham with detailed estimations of the numbers of buildings and population at 
each flood risk level. 
The findings of this research provide deep understanding of flooding risks in the City of 
Birmingham. By using our model, the City of Birmingham would be able to know which part of 
Birmingham could possess higher risk or lower risk of flooding. Since our model helps to 
accurately estimate the number of populations and buildings and their locations at higher flood 
risk, this understanding will help the city management officials take better and more practicable 
actions to reduce potential damages in pre-disaster situations. If they have limited resources 
available, they could only focus on the people who are at higher risk of flooding. Therefore, it can 
be said that our findings will also help them improve their decision-making process in pre-disaster 
situations and enhance their urban land use policy for urban development in future.  
Our proposed schematic flooding risk analysis procedure (Figure 3.2) is practicable that is 
based on the knowledge and data in hand of general departments of planning and/or engineering 
and permits of a city, and therefore our analysis can be directly applied to flooding management 
at other cities. In addition, our flood risk model (Equation 3.3) can be applied to other urban flood 
studies, if urban areas possess similar geographic nature; a critical step is the validation of modeled 
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flooding risk as we did for Birmingham, and without validation we cannot rely on the findings. 
However, the model can be easily modified based on experts’ input according to urban land use 
and its physical environment, and a flood hazard indicator can be added or removed according to 
local geophysical characteristics.  
3.7 Conclusion 
To the best our knowledge, it is the first time to conduct a fine-scale spatial flooding risk 
analytics to assess and map commercial buildings, different types of family buildings, and the 
unbiased estimations of populations at different risk levels in an urban environment. Applying GIS 
and cartographic thematic mapping to the urban flood risk index analysis of the 100-year 
floodplain in the Birmingham city, we assess urban flood risk factors, identify and map the most 
and least flood risk areas in an urban environment. This study further develops a fine risk analysis 
and assessment approach, which is the first time to spatially reveal and map the numbers of 
buildings with an unbiased estimation of the affected population that are quantified, located and 
mapped at each flood risk levels. The findings of this study help understand within a river 
floodplain which area is more vulnerable to floods, where most populations and buildings could 
face flood exposure, and how the risk levels could be. Although some areas have a small number 
of vulnerable populations, they should not be neglected by the numbers as every human life is 
important.  
Our findings reveal that Valley Creek, Village Creek, Black Warrior River, and Little 
Cahaba River area will face moderate to very high flood risk, and local governments and 
communities should pay enough attention to any flood events there. The Valley Creek area has a 
higher percentage of the population who would face high to very high flood risk, although the total 
number of populations is less than the Village Creek. The residential and commercial buildings of 
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the Valley Creek area also have higher percentages that would face high to very high flood risk 
compared to other creek areas. 
This study provides fine geographic information of buildings and unbiased estimations of 
populations potentially facing flood risk, and how severe the flood risk could be, which give the 
local governments and communities high precision spatial and nonspatial information of buildings 
and population. This study makes it possible to reduce potential damages and unexpected effects 
on social, economic, and environmental aspects in the events of pre-disaster, during flooding, and 
after flooding by potentially offering the optimal and minimal efforts, because the locations of 
flood risk levels and areas especially both population and buildings are identified, quantified, and 
mapped. This integrated building data-driven GIS analytics for urban flood exposure assessment 






A MULTI-DECADAL SPATIAL ANALYSIS OF DEMOGRAPHIC VULNERABILITY TO 
URBAN FLOOD: A CASE STUDY OF BIRMINGHAM CITY 
4.1 Abstract 
Flood accounts for approximately 40 percent of natural disasters worldwide and kills more 
people in the United States than any other natural disasters. Since flood is a common hazard in the 
US and flood-related casualties have been increasing in recent years, it is important to understand 
the spatial patterns of different vulnerable population groups in the flooding regions. To achieve 
this objective, we used spatial scan statistics to identify the spatial cluster of different demographic 
groups (children and elderly, poor, White, African American, and Hispanic) in the 100-year 
floodplain areas of Birmingham. Using the decennial census data from 1990 to 2015, we examined 
whether these vulnerable population groups aggregated more in the flooding areas or moved away 
from the flooding areas in the past thirty years. The findings of this research indicate that most of 
the minorities are aggregating more in the floodplain areas of Village Creek in Birmingham, 
whereas the non-minorities are moving away from the flooding regions. As part of the minorities 
and non-minorities group, approximately 50 percent of African Americans and 3.97 percent of 
White populations aggregated in the Village Creek flooding areas in 2015. Although the 
percentage of White populations is very low, our findings suggest that they are still affected by 
floods. Our multi-decadal analysis of flood risk will help the local governments to understand 
which population groups were more affected by flood historically and need more attention in future 
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flood hazards. This understanding will help them prepare for future flood hazards by allocating 
resources efficiently among the different racial and ethnic groups. 
4.2 Introduction 
Floods are considered the most devastating natural hazard worldwide because it can 
destroy human lives and properties (Ahmadalipour and Moradkhani, 2018; Bezak et al., 2016; 
Miao et al., 2016). In the water year 2019 (October 1, 2018 to September 30, 2019), flood alone 
in the United States caused $3.93 billion property damages and 101 deaths (NWS, 2019). Flash 
floods are very common in urban areas, causing the highest number of deaths in the United States 
(Ashley and Ashley, 2008; Terti et al., 2017). The Southeast region of the United States mostly 
faces flash floods because of the extreme rainfall caused by tropical storms and hurricanes (Alipour 
et al., 2020). Recent studies also found that the urban areas are expanding in the Southeast region, 
and communities in this region are less resilient to natural disasters (Rifat and Liu, 2019; Rifat and 
Liu, 2020). Although flash flood is more common in the Southeastern United States, this region 
has recently faced hurricane-induced floods such as Hurricane Irma, Maria, and Harvey. 
According to the National Centers for Environmental Information (NOAA NCEI, 2018), 
Hurricane Irma caused $50 billion in property damages and 84 deaths in the United States (Florida 
House of Representatives, 2018). It also estimated that out of $50 billion, approximately $30 to 
$35 billion property damage was caused by floods that include residential and commercial 
properties (NOAA NCEI, 2018). Hurricane Harvey was more devasting than the Hurricane Irma. 
Houston in Texas faced the record of urban flooding as much of the rain fell in the greater Houston 
Metropolitan area due to Hurricane Harvey (Blake and Zelinsky, 2018; Jonkman et al., 2018). 
FEMA (2017) estimated that more than 80,000 homes were affected, and professionals and 
volunteers rescued more than 120,000 people in the Houston area. After Hurricane Katrina, which 
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caused $161 billion in property damage, Hurricane Harvey is the worst hurricane that caused more 
than $125 billion property damages and 64 deaths (Blake and Zelinsky, 2018). However, the 
cumulative cost of the worst five hurricanes (Hurricane Katrina, Harvey, Maria, Sandy, and Irma) 
in the United States between 2005 and 2017 caused a total of $497 billion property damages 
(Amadeo, 2019). 
 Although the United States experiences flood hazards every year, not every population 
group is equally exposed to flood hazards (Donner and Rodriguez, 2008). There is a general 
concept that poor people and minority neighborhoods are more exposed to environmental hazards 
and natural disasters (Benson et al., 2001; Crowdy and Downey, 2010; Pais et al., 2014). Some 
studies suggest that the most inferior group in developing countries tend to live in more hazardous 
areas because they have the least choice about where to live (Heijmans, 2001). Recent studies also 
found a positive correlation between elevation and poor neighborhoods (Lu, 2017). These studies 
revealed that minority neighborhoods, such as racial-ethnic minorities, tend to live in low elevated 
areas that make them more vulnerable to flooding (Hossain and Meng, 2020a; Lu, 2017). In social 
vulnerability research, most of the studies considered children and elderly population, poor people, 
and minority population such as African American and Hispanic population as most socially 
vulnerable population (Benson et al., 2001; Buckle et al., 2000; Cutter et al., 2000; Enarson and 
Fordham, 2001; Wisner et al., 2003). The mortality rates are higher for socially vulnerable groups 
as they experience more adverse consequences of flood disaster (Collins et al., 2013; Jimenez et 
al., 2013; Zahran et al., 2008). However, recent social vulnerability research shows that not only 
minority populations, but also White populations are exposed to flood hazards (Hossain and Meng, 
2020b). However, during the Hurricane Frederick, white communities received more food, 
assistance, and shelter than black communities (Beady et al., 1986); emergency response workers 
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gave priority to white communities while restoring the power after the disaster event (Beady et al., 
1986). The racial, ethnic, and socio-economic factors also play a vital role during the recovery 
stage of a disaster. Usually, low-income households face more difficulty recovering from the 
disaster as they have little or no savings and may not have disaster insurance. The recovery process 
is also slow for racial-ethnic minorities, and low-income households as they have lack of access 
to resources whereas the recovery process is much faster in white communities as they know how 
the system works and can easily access the information (Bolin, 1986; Fothergill et al., 1999).  There 
are some other studies also have similar findings that the socially advantaged people are 
experiencing more pre-event exposure to flood hazards than the socially disadvantaged people 
(Chakraborty et al., 2014; Fielding and Burningham, 2005; Grineski et al., 2013; Montgomery and 
Chakraborty 2013; Ueland and Warf, 2006). 
 The literature review supports that both minority and non-minority is experiencing flood 
hazards. Therefore, we designed the research to identify whether these minorities and non-
minorities population groups are aggregating more or moving away from the flood hazard areas 
over the past thirty years. In this research, we used the spatial scan statistics method to identify the 
spatial cluster of children and elderly, poor people, White, and minority population in the 100-year 
floodplain areas of Birmingham, AL, USA. Kulldorff (1997) developed a spatial scan statistic for 
identifying spatial cluster and many studies have already been used it to detect spatial cluster in a 
geographic region (Ayubi et al., 2017; Berra et al., 2017; Carrel et al., 2009; Cordes and Castro, 
2020; Fuchs et al., 2011; Li et al., 2019; Meng and Cieszewski, 2006; Runadi and Widyaningsih, 
2017). By using Spatial Scan Statistics, first, we identified the spatial high and low clusters for 
each population group at each decennial census year and mapped them using GIS. We then 
calculate the number of population and number of residential buildings at each cluster for all 
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census years in the past thirty years. The findings of this research helped to understand the shifting 
patterns spatially between the minority and the non-minority due to flood hazards. The 
understanding of changes in the spatial patterns will help the local government and communities 
to understand which population groups are affected most over the decades due to floods in 
Birmingham city. 
4.3 Study Area 
Birmingham is the largest Metropolitan Statistical Area in Alabama, which covers 
approximately 163 square miles. It is located in north-central Alabama and also known as the most 
populous city in Alabama, with approximately 209,403 people (United States Census Bureau, 
2019). The city is predominantly African American, with 70.5 percent of the total population; 
White and Asian makeup approximately 25.3 percent and 0.9 percent of the total population, 
respectively (United States Census Bureau, 2019). Hispanic or Latino can be of any race, and they 
make up approximately 3.7 percent of the total population (United States Census Bureau, 2019). 
This city faces a lot of environmental hazards primarily from rain, high winds, and tornado. Flash 
flood is very common for Birmingham city due to extreme rainfall in Spring and Summer months. 
Birmingham is most vulnerable to flash floods because of urban development and the high density 
of the population. Urbanization of areas contributes to flooding by reducing the water infiltration 
rate and removing vegetation that increases surface runoff from rainfall (Khosravi et al., 2016). 
Past studies reveal that the urban areas with high population density possess a higher risk to 
flooding (Jha et al., 2011; Lyu et al., 2018). 
Birmingham has a total of ten watersheds such as Village Creek, Valley Creek, Five Mile 
Creek, Cahaba River, Little Cahaba River, Shades Creek, Little Shades Creek, Turkey Creek, Cane 
Creek, and Big Black Creek. Each of these watersheds at least contains some portion of 100-year 
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floodplain areas that covers more than 8000 acres areas of the Birmingham city limits. Among 
these creeks, Village Creek, Valley Creek, and Five Mile Creek possess a higher risk of flash 
flooding because these watersheds are located in a highly urbanized area. These areas also have a 
history of repetitive flooding in the past, especially the Village Creek area, where several 
residential areas repeatedly flooded in the past.  
FEMA usually defines the 100-year floodplain area, and the Village Creek area in 
Birmingham makes up approximately 53 percent of Birmingham's Special Flood Hazard Area 
(FEMA, 2000). Village Creek area has a history of repetitive flooding, and this area flooded more 
than thirty times between 1977 and 2015 (FEMA, 2000; City of Birmingham, 2016). Apart from 
Village Creek, Valley Creek also has a history of repetitive flooding. The notable historical flood 
events occurred in Valley Creek in April 1979, December 1983, September 2011, April 2014, 
December 2015, December 2016, April 2017, and April 2018 (US Army Corps of Engineers, 
2019). The frequency of flood in this area poses a significant threat to human lives and their 
properties. Since Birmingham, AL, has a repetitive history of flooding, we consider Birmingham's 








Figure 4.1 100-year floodplain areas in Birmingham, AL, USA.  
 
4.4 Methods 
This research consists of two steps of analysis. 1) Detect the spatial cluster for each 
demographic factor using Spatial Scan Statistic for each census year, map them using GIS, and 2) 
calculate the population of each demographic factor and number of residential buildings that fall 
within each spatial cluster.  
4.4.1 Data Sources 
In this research, we collected three types of data: flood data, census data, and buildings 
data. Birmingham area's 100-year floodplain data was collected from FEMA's website (FEMA, 
2020a). Here, the term "100-year floodplain" means there is a 1 percent chance of annual flood in 
that floodplain areas. FEMA usually defined the floodplain areas based on the various level of risk. 
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The 100-year floodplain areas are considered high flood risk areas, whereas 500-year floodplain 
areas are considered moderate to low-risk areas (FEMA, 2020b). FEMA identified these high flood 
risk areas in their Flood Insurance Rate Map (FIRM) and labeled it as Special Flood Hazard Area 
(SFHA). These SFHA areas are further divided into different flood zones, such as Zone A, AE, 
AH, AO, AR, and A99 (FEMA, 2020b).  
 In this research, we considered five demographic factors, such as children and the elderly, 
people who are living below the poverty level, White, and minority populations (e.g., African 
American and Hispanic) who are vulnerable to flood hazards. Each demographic factor was 
analyzed for each decennial census year, such as 1990, 2000, 2010, and 2015. Since the data of 
decennial census year, 2020 is not available yet, we consider American Community Survey data 
of 2015. Census block group data were collected from the Census Bureau and IPUMS NHGIS 
website (Manson et al., 2019; United States Census Bureau, 2020).  
 The buildings' data were collected from the City of Birmingham's office. In this research, 
we considered only the residential buildings to calculate and estimate the number of populations 
that lived in each residential unit. We consider four types of residential units, such as single-family 
detached, single-family attached, duplex, and multi-family rooming. The populations at each 
residential unit were estimated for each decennial census year. To estimate the population, first, 
we did the spatial join between the residential buildings and the block group. Then we calculated 
the number of persons per household in each block group and multiplied it with the number of 
households to obtain the total number of populations, more details of the population estimation 
method has been explained in Hossain and Meng (2020a). Based on the total number of 




 the Hispanic population at each residential unit (Table 4.1).  This process has been repeated for 
each decennial census year. However, in this research, we excluded the Little Cahaba River and 
Black Warrior areas since these areas do not have any residential buildings. We also excluded the 
Shades Creek area from the analysis as this area does not have any residential buildings in 1990, 
and very few residential buildings were there in other decennial census years. 
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Table 4.1 Total number of populations of each demographic factor in the 100-year floodplain areas of Birmingham. 
Total number of populations 
Decennial census year 
Demographic 
factors 
Village Creek Valley Creek Five Mile Creek 
1990 2000 2010 2015 1990 2000 2010 2015 1990 2000 2010 2015 
Children (under 
5 years and 
elderly (over 65 
years) 
2160 1896 1857 1884 988 838 890 1492 43 57 16 100 
Below poverty 
level 
2158 2430 2802 3429 944 1285 1360 1461 0 2 66 85 
White 812 339 554 386 308 58 80 70 102 100 67 30 
African 
American 
5863 5248 6095 7418 3336 4069 4005 4743 0 69 97 239 
Hispanic 0 102 279 514 0 9 28 31 0 0 0 0 




6704 5911 6716 8670 3829 4360 4251 5153 102 129 210 334 
Total number of 
residential 
buildings 




4.4.2 Spatial Cluster Detection Using Spatial Scan Statistic 
The spatial scan statistic has been widely used to identify the spatial clusters and their 
approximate locations in a geographic region (Kulldorff, 1997, 2001, and 2010). Kulldorff’s 
spatial scan statistic typically uses a circular shape window to identify high-risk clusters by using 
either purely spatial, purely temporal, or combined both spatial-temporal methods (Kulldorff, 
2015). It also used to test whether the distribution of events is random or clustered. Meng and 
Cieszewski (2006) used spatial scan statistic to temporally examine significant spatial clusters of 
tree mortality and their changes in patterns across the State of Georgia. The log-likelihood ratio 
(LLR) is calculated by moving the circular window over the study area in the spatial scan statistic. 
The circular window, which has the highest log-likelihood ratio, is considered as the most likely 
cluster. However, it could identify more than one cluster, and in that case, the cluster with the 
highest maximum LLR is considered the most likely cluster. The p-value for the most likely cluster 
is calculated by using the Monte Carlo 999 iterations. Here, the p-value less than 0.05 is considered 
as statistically significant.  
In this research, we used the spatial scan statistic to identify each population group's spatial 
cluster and their approximate locations in the 100-year floodplain areas. We used point data, which 
has attributes of the number of populations for each population group living in residential units. 
Since we are interested in the number of populations whether these population groups are 
aggregated in the floodplain areas or not, we used the SaTScan software (SaTScan, 2018), using a 
purely spatial Poisson model to identify the high or low cluster by a circular window. The high 
cluster identifies that the population is aggregating more in the floodplain areas, whereas the low 
cluster identifies they are aggregating less in the floodplain areas. Based on the p-value, we 
categorized the cluster into four categories, such as high cluster (significant), high cluster (not 
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significant), low cluster (significant), and low cluster (not significant). After identifying the cluster 
for the population groups for each decennial census year, we compared whether these population 
groups are more aggregating in the floodplain areas or moving away from the floodplain areas 
over the past 30 years. We also calculated the number of populations and residential buildings at 
each cluster, which helps understand the percentage of population and buildings at higher risk of 
flooding. Finally, the result from SaTScan was mapped using the ArcGIS to identify clusters in 
the floodplain areas. 
4.5 Results 
4.5.1 Spatial Cluster of Demographic Factors in Floodplain Areas 
4.5.1.1 Children and Elderly 
Spatial cluster analysis shows that from 1990 to 2015, all most likely clusters in the Village 
Creek areas are statistically significant low cluster (Appendix C, Table C3, Table C6, Table C9, 
and Table C12). The low spatial clusters found in 2000 have the highest percentage (approximately 
5.67 percent) of children, and the elderly population lived in the floodplain areas compared to other 
census years (Appendix C, Table C1). The locations of these low spatial clusters are quite similar 
for the years 2000, 2010, and 2015, and they are located in the north-east of Village Creek (Fig. 
4.3, Appendix D, Fig. D1, and Fig. D2). However, the location of the most likely cluster is 
different for the census year 1990, and it is located in the central Village Creek (Fig. 4.2). Although 
the most likely cluster is a statistically significant low cluster, the spatial cluster analysis shows 
that statistically significant both high and low cluster exists in the Village Creek area. The 
percentage of children and elderly population that are highly clustered in the floodplain areas of 
Village Creek in 1990, 2000, 2010, and 2015 is approximately 0, 20.08, 14.82, and 10.97, 
respectively (Table 4.2 Table 4.3, Appendix C, Table C1, and Table C2). This percentage is also 
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higher compared to the percentage of children and the elderly population lived in a statistically 
significant low cluster area. Since the percentage of highly clustered children and the elderly 
population decreased after the census year 2000, it suggests that this population group was initially 
more aggregated in the floodplain areas but gradually moving away from these areas. The number 
of residential buildings that are located within the statistically significant high cluster area in 1990, 
2000, 2010, and 2015 is 0, 1129, 974, and 916, respectively (Table 4.2, Table 4.3, Appendix C, 
Table C1, and Table C2). 
 In Valley Creek areas, all most likely clusters were identified as statistically significant low 
clusters from 1990 to 2015 (Appendix C, Table C4, Table C7, Table C10, and Table C13). The 
location of all these clusters are very similar, and they are in the north-east of Valley Creek (Fig. 
4.2, Fig. 4.3, Appendix D, Fig. D1, and Fig. D2). However, some significant high clusters exist 
in the Valley Creek area for children and the elderly population, but they are not most likely 
clusters. The percentage of children and the elderly population located within the spatial significant 
high clusters in Valley Creek in 1990, 2000, 2010, and 2015 are approximately 9.79, 10.80, 8.77, 
and 10.77, respectively (Table 4.2, Table 4.3, Appendix C, Table C1, and Table C2). This finding 
suggests that the aggregation of children and the elderly population in floodplain areas of Valley 
Creek remain the same over time. Also, the percentages of children and elderly population that are 
highly clustered are much higher compared to significant low cluster areas. The number of 
residential buildings that are significantly highly clustered in the Valley Creek area in 1990, 2000, 
2010, and 2015 is 105, 469, 341, and 540, respectively (Table 4.2, Table 4.3, Appendix C, Table 
C1, and Table C2). 
 The spatial cluster analysis findings are different for Five Mile Creek areas compared to 
Village Creek and Valley Creek areas. In the Five Mile Creek area, we found the most likely 
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cluster of children and elderly populations are statistically significant low and high clusters in 1990 
and 2010, respectively (Appendix C, Table C5, and Table C11). For 2000 and 2015, the result 
indicates that the most likely spatial cluster of children and elderly populations is low and 
statistically insignificant (Appendix C, Table C8, and Table C14). The high spatial cluster was 
located on the eastern side of the Five Mile Creek in 2010 (Appendix D, Fig. D2). The percentage 
of population and number of residential buildings in the high cluster area in the Five Mile Creek 
area in 2010 is 7.62 and 16, respectively (Appendix C, Table C2). However, the result indicates 
there was no significant spatial cluster in 2015, which suggests that the children and elderly are 
moving away from the floodplain areas of Five Mile Creek. 
 




Table 4.2 Total number of populations and residential buildings located in each spatial cluster in decennial census year 1990. 
Demographic 
factors 


















High Cluster - Significant 0 (0) 375 (9.79) 0 (0) 0 105 0 
High Cluster - Not Significant 546 (8.14) 111 (2.90) 0 (0) 473 356 0 
Low Cluster - Significant 191 (2.85) 110 (2.87) 0 (0) 127 287 7 
Low Cluster - Not Significant 167 (2.49) 0 (0) 0 (0) 81 0 0 
Below 
poverty level 
High Cluster - Significant 409 (6.10) 509 
(13.29) 
0 (0) 86 283 0 
High Cluster - Not Significant 0 (0) 166 (4.34) 0 (0) 0 165 0 
Low Cluster - Significant 37 (0.55) 81 (2.12) 0 (0) 266 348 0 
Low Cluster - Not Significant 0 (0) 0 (0) 0 (0) 0 0 0 
White High Cluster - Significant 757 
(11.29) 
249 (6.50) 0 (0) 426 229 0 
High Cluster - Not Significant 0 (0) 0 (0) 0 (0) 0 0 0 
Low Cluster - Significant 3 (0.04) 12 (0.31) 0 (0) 1213 659 0 
Low Cluster - Not Significant 0 (0) 0 (0) 0 (0) 0 63 0 
African 
American 
High Cluster - Significant 3276 
(48.87) 
0 (0) 0 (0) 882 0 0 




0 (0) 263 392 0 
Low Cluster - Significant 0 (0) 331 (8.64) 0 (0) 49 111 0 
Low Cluster - Not Significant 0 (0) 152 (3.97) 0 (0) 0 73 0 
Hispanic High Cluster - Significant 0 (0) 0 (0) 0 (0) 0 0 0 
High Cluster - Not Significant 0 (0) 0 (0) 0 (0) 0 0 0 
Low Cluster - Significant 0 (0) 0 (0) 0 (0) 0 0 0 





Table 4.3 Total number of populations and residential buildings located in each spatial cluster in census year 2015. 
Demographic 
factors 






















0 (0) 916 540 0 
High Cluster - Not Significant 0 (0) 0 (0) 0 (0) 0 0 0 
Low Cluster - Significant 109 (1.26) 138 (2.68) 0 (0) 1079 431 0 
Low Cluster - Not Significant 0 (0) 0 (0) 0 (0) 0 0 11 
Below 
poverty level 




0 (0) 237 489 0 
High Cluster - Not Significant 0 (0) 0 (0) 31 (9.28) 0 0 31 
Low Cluster - Significant 124 (1.43) 92 (1.79) 1 (0.30) 640 651 27 
Low Cluster - Not Significant 0 (0) 0 (0) 0 (0) 0 18 0 
White High Cluster - Significant 344 (3.97) 62 (1.20) 27 (8.08) 250 144 27 
High Cluster - Not Significant 0 (0) 0 (0) 0 (0) 0 0 0 
Low Cluster - Significant 15 (0.17) 0 (0) 0 (0) 1959 835 57 
Low Cluster - Not Significant 0 (0) 0 (0) 0 (0) 0 134 0 
African 
American 
High Cluster - Significant 4224 
(48.72) 
0 (0) 0 (0) 1594 0 0 
High Cluster - Not Significant 0 (0) 0 (0) 22 (6.59) 0 0 11 
Low Cluster - Significant 185 (2.13) 749 
(14.54) 
0 (0) 101 126 0 
Low Cluster - Not Significant 0 (0) 328 (6.37) 0 (0) 0 268 0 
Hispanic High Cluster - Significant 476 (5.49) 0 (0) 0 (0) 295 0 0 
High Cluster - Not Significant 0 (0) 0 (0) 0 (0) 0 0 0 
Low Cluster - Significant 0 (0) 0 (0) 0 (0) 1693 0 0 





Figure 4.3 Spatial cluster of children and the elderly population in the floodplain areas in 
2015. 
 
4.5.1.2 Below Poverty Level  
 The spatial cluster of the people who lived below the poverty level in the Village Creek 
area suggests that the most likely cluster for 1990 is a statistically significant high cluster; this 
cluster is in central south-west of the Village Creek (Fig. 4.4, Appendix C, Table C3). The most 
likely cluster for the rest of the census years, such as 2000, 2010, and 2015, is a statistically 
significant low cluster (Appendix C, Table C6, Table C9, and Table C12). The location of all 
these clusters are very similar, and they are located in the south-west of Village Creek (Fig. 4.5, 
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Appendix D, Fig. D3, and Fig. D4). However, for 2000 and 2015, we found the second most likely 
cluster as a significant high cluster, and they are located at the central south-west of Village Creek 
(Fig. 4.5, Appendix D, Fig. D3). The percentage of poor people highly clustered in the floodplain 
areas of Village Creek in 1990, 2000, 2010, and 2015 is approximately 6.10, 7.43, 16.99, and 
10.95, respectively (Table 4.2, Table 4.3, Appendix C, Table C1, and Table C2). The spatial and 
temporal trend of these clusters suggests that until 2010 they were more aggregated in the 
floodplain areas, but in 2015 some were moved away from the floodplain areas of Village Creek. 
The number of residential buildings located in the significant high cluster areas in 1990 and 2015 
is 86 and 237, respectively (Table 4.2 and Table 4.3). 
 In Valley Creek, the most likely cluster for poor people found as a statistically significant 
low cluster for all census years (Appendix C, Table C4, Table C7, Table C10, and Table C13).  
However, the location of all these clusters varies over time. In 1990, 2000, 2010, and 2015, the 
significant low cluster located in central, north-east, central south-west, and south-west of Valley 
Creek, respectively (Fig. 4.4, Fig. 4.5, Appendix D, Fig. D3, and Fig. D4 However, we found the 
second most likely cluster as a statistically significant high cluster in 2015, and it is in north-east 
of Valley Creek (Fig. 4.5). The percentage of poor people located in a significant low cluster area 
in 1990, 2000, 2010, and 2015 is approximately 2.12, 0.50, 2.12, and 1.79, respectively (Table 
4.2, Table 4.3, Appendix C, Table C1, and Table C2). The percentage of poor people who were 
highly clustered in 1990, 2000, 2010, and 2015 is approximately 13.29, 8.26, 20.91, and 14.52, 
respectively (Table 4.2, Table 4.3, Appendix C, Table C1, and Table C2). The finding suggests 
that the poor people in the Valley Creek area were more aggregated in the floodplain areas from 
1990 to 2010, but they started to move away after 2010 and were less aggregated in 2015. The 
number of residential buildings located in a statistically significant high cluster area in 1990, 2000, 
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2010, and 2015 is 283, 239, 632, and 489, respectively (Table 4.2, Table 4.3, Appendix C, Table 
C1, and Table C2). 
 In Five Mile Creek, there was no spatial cluster found for 1990 since there were no poor 
people lived in that area (Table 4.1). However, spatial cluster analysis shows that in 2000, 2010, 
and 2015 the most likely cluster of poor people is statistically not significant high cluster, low 
cluster, and significant low cluster, respectively (Fig. 4.5, Appendix D, Fig. D3, Fig. D4, 
Appendix C, Table C8, Table C11, and Table C14). Although there was no significant cluster 
found from 1990 to 2010, the significant low cluster in 2015 indicates that the poor people were 
less aggregated in the floodplain area of Five Mile Creek. The number of residential buildings that 
are located within the significant low cluster in 2015 is 27 (Table 4.3). These buildings are located 
in the north-east of the Five Mile Creek area (Fig 17). 
 




Figure 4.5 Spatial cluster of poor population in the floodplain areas in 2015.  
 
4.5.1.3 White 
 The spatial cluster analysis shows that the most likely cluster for the White population in 
the floodplain areas of Village Creek found as a statistically significant high cluster for all census 
years (Fig. 4.6, Fig. 4.7, Appendix D, Fig. D5, Fig. D6, Appendix C, Table C3, Table C6, Table 
C9, and Table C12). The location of a significant high cluster for 1990 and 2000 is very similar, 
and they are in the north-east part of the Village Creek (Fig. 4.6, Fig. 4.7, Appendix D, Fig. D5, 
and Fig. D6). Gradually these populations moved from north-east to central part of the Village 
Creek area and formed a significant high cluster in 2010 and 2015 (Fig. 4.7 and Appendix D, Fig. 
D6). The second most likely cluster for the White population from 1990 to 2010 found as a 
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significant low cluster, but in 2015, the second most likely cluster also showed a significant high 
cluster (Fig. 4.6, Fig. 4.7, Appendix D, Fig. D5, Fig. D6, Appendix C, Table C3, Table C6, Table 
C9, and Table C12). The percentage of the White population who are located within the 
statistically significant high cluster in 1990, 2000, 2010, and 2015 is approximately 11.29, 5.18, 
6.08, and 3.97, respectively (Table 4.2, Table 4.3, Appendix C, Table C1, and Table C2). The 
finding suggests that gradually White populations are moving away from the floodplain area of 
Village Creek and less aggregated in the floodplain areas. The number of residential buildings that 
are located within the statistically significant high cluster area of Village Creek in 1990, 2000, 
2010, and 2015 is 426, 435, 388, and 250, respectively (Table 4.2, Table 4.3, Appendix C, Table 
C1, and Table C2).  
 In the Valley Creek area, the most likely spatial cluster of the White population found as a 
statistically significant high cluster for all of the census years from 1990 to 2015 (Fig. 4.6, Fig. 
4.7, Appendix D, Fig. D5, Fig. D6, Appendix C, Table C4, Table C7, Table C10, and Table C13). 
The locations of all these high clusters are very similar for all census years except 1990. In 1990, 
the most likely significant high cluster found in the central north-west part of the Valley Creek, 
whereas for the rest of the census years, it was located in the west part of the Valley Creek area 
(Fig. 4.6, Fig. 4.7, Appendix D, Fig. D5, and Fig. D6). The results indicate that the second most 
likely cluster for the White population in the floodplain areas of Valley Creek for all census years 
is the statistically significant low cluster (Fig. 4.6, Fig. 4.7, Appendix D, Fig. D5, Fig. D6, 
Appendix C, Table C4, Table C7, Table C10, and Table C13). The second most likely cluster 
location is very similar from 1990 to 2010, and they are in the north-west part of the Valley Creek 
area (Fig. 4.6, Appendix D, Fig. D5, and Fig. D6). However, in 2015, this cluster moved slightly 
upward and located in the central north-west part of the Valley Creek area (Fig. 4.7). The 
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percentage of the White population who are highly clustered in 1990, 2000, 2010, and 2015 is 
approximately 6.50, 0.83, 1.62, and 1.20, respectively (Table 4.2, Table 4.3, Appendix C, Table 
C1, and Table C2). The lower percentage of the White population living in the high clustered area 
suggests that this population group is less aggregated in the floodplain areas of Valley Creek. The 
number of residential buildings highly clustered in the floodplain area of Valley Creek in 1990 and 
2015 is 229 and 121, respectively (Table 4.2, Table 4.3, Appendix C, Table C1, and Table C2).  
 Although more than a hundred White people lived in the floodplain areas of Five Mile 
Creek in 1990, the spatial cluster analysis did not find any spatial cluster in this area for that year 
(Table 4.1). However, for the rest of the census years, the results indicate that the most likely 
cluster for the White population in the Five Mile Creek area is the statistically significant low 
cluster, not significant low cluster, and significant high cluster for the year of 2000, 2010, and 
2015, respectively (Fig. 4.6, Fig. 4.7, Appendix D, Fig. D5, Fig. D6, Appendix C, Table C5, 
Table C8, Table C11, and Table C14). The spatial cluster location is very similar for 2000 and 
2010, and they are in the south-west part of the Five Mile Creek area (Appendix D, Fig. D5 and 
Fig. D6). The most likely cluster location has changed for 2015, and it moved to the east part of 
the Five Mile Creek area and formed a statistically significant high cluster (Fig. 4.7). The 
percentage of the White population highly clustered in the floodplain areas of Five Mile Creek in 
2015 is approximately 8.08 (Table 4.3). This cluster's spatial and temporal trend suggests that 
initially, the White populations were not aggregated in the floodplain areas, but currently, they are 
more aggregated in the floodplain areas of Five Mile Creek. The number of residential buildings 






Figure 4.6 Spatial cluster of the White population in the floodplain areas in 1990. 
 
 
Figure 4.7 Spatial cluster of the White population in the floodplain areas in 2015. 
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4.5.1.4 African American 
 The spatial cluster analysis shows that the most likely cluster of African American 
populations in the floodplain areas of Village Creek area was found to be a statistically significant 
low cluster for all the census years from 1990 to 2015 (Fig. 4.8, Fig. 4.9, Appendix D, Fig. D7, 
Fig. D8, Appendix C, Table C3, Table C6, Table C9, and Table C12). The location of all these 
clusters are very similar, and they are in the central part of the Village Creek area (Fig. 4.8, Fig. 
4.9, Appendix D, Fig. D7, and Fig. D8). However, the second most likely cluster for this 
population group was found to be a statistically significant high cluster for the census year of 1990, 
2000, and 2015 (Fig. 4.8, Fig. 4.9, Appendix D, Fig. D7, Appendix C, Table C3, Table C6, and 
Table C12). In 2010, the second most likely cluster found as a significant low cluster (Appendix-
A, Table A9 and Appendix D, Fig. D8). The percentage of African American populations that are 
highly clustered in the floodplain areas of Village Creek in 1990, 2000, 2010, and 2015 is 
approximately 48.87, 49.92, 49.60, and 48.72, respectively (Table 4.2, Table 4.3, Appendix C, 
Table C1, and Table C2). The percentage of African American population living in the high cluster 
area did not change much over the past thirty years, which indicates this population did not move 
away from the floodplain areas of Village Creek. The number of residential buildings that are 
located within the significant high cluster area in Village Creek in 1990, 2000, 2010, and 2015 is 
882, 1022, 388, and 250, respectively (Table 4.2, Table 4.3, Appendix C, Table C1, and Table 
C2). 
 In the Valley Creek area, the most likely cluster for the African American population was 
a statistically significant low cluster in 1990 and 2015 and a statistically insignificant low cluster 
in 2000 and 2010 (Fig. 4.8, Fig. 4.9, Appendix D, Fig. D7, Fig. D8, Appendix C, Table C4, Table 
C7, Table C10, and Table C13). The spatial cluster analysis did not find any significant spatial 
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high cluster in this area for any census year. The location of all these low clusters are very similar 
for all census years except 2010, and they are in central south-west of Valley Creek area (Fig. 4.8, 
Fig. 4.9, and Appendix D, Fig. D7). In 2010, the most likely cluster was located in the eastern 
part of the Valley Creek area (Appendix D, Fig. D8). The percentage of African American 
populations located in significant low cluster area in 1990 and 2015 is approximately 8.64 and 
14.54, respectively (Table 4.2 and Table 4.3). The number of residential buildings is located in a 
significant low cluster area in the floodplain area of Valley Creek in 1990 and 2015 is 111 and 
126, respectively (Table 4.2 and Table 4.3). Overall, the findings suggest that the African 
American people in the floodplain area of Valley Creek were less aggregated from the census year 
of 1990 to 2015. 
 In the Five Mile Creek area, there is no spatial cluster found in 1990 for the African 
American population. Also, there is no statistically significant cluster found for other census years, 
such as 2000, 2010, and 2015. Since the results indicate there is no significant spatial cluster for 
the African American population in the floodplain area of Five Mile Creek; we can conclude that 












Figure 4.8 Spatial cluster of the African American population in the floodplain areas in 1990. 
 
 




 There is no Hispanic population lived in the floodplain areas of Birmingham in 1990, and 
therefore, we excluded the census year 1990 from the analysis of the Hispanic population. The 
analysis has been done for the rest of the census years for the Hispanic population in Birmingham's 
floodplain areas. 
 The spatial cluster analysis shows that the most likely cluster for the Hispanic populations 
in Village Creek is a statistically significant high cluster for the census years 2000, 2010, and 2015 
(Fig. 4.10, Fig. 4.11, Appendix D, Fig. D9, Appendix C, Table C6, Table C9, and Table C12). 
This finding suggests that, after 1990, the Hispanic population was more aggregated in the 
floodplain areas of Village Creek. The percentage of the Hispanic population highly clustered in 
the floodplain areas of Village Creek in 2000, 2010, and 2015 is approximately 1.69, 4.11, and 
5.49, respectively (Table 4.3, Appendix C, Table C1, and Table C2). The locations of these 
statistically significant high clusters are very similar for all census years, and they are in the central 
part of the Village Creek area (Fig. 4.10, Fig. 4.11, and Appendix D, Fig. D9). The number of 
residential buildings located in statistically significant high cluster area in 2000, 2010, and 2015 
is 49, 71, and 295, respectively (Table 4.3, Appendix C, Table C1, and Table C2). The percentage 
of the Hispanic population and the number of buildings they were living was getting higher 
gradually; it indicates that they were more aggregated in the floodplain areas of Village Creek over 
time. 
 Like the Village Creek area, we also found the most likely cluster as a statistically 
significant high cluster in the Valley Creek area for the Hispanic population for the years 2000 and 
2010 (Fig. 4.10, Appendix D, Fig. D9, Appendix C, Table C7, and Table C10). Although the 
result of these census years shows that the Hispanic populations were highly clustered in the Valley 
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Creek area, we did not find any spatial cluster in 2015. This finding indicates that the Hispanic 
populations were aggregated in the floodplain areas of Valley Creek in 2000 and 2010 but moved 
away in 2015. The percentage of the Hispanic population within the statistically significant high 
cluster areas in 2000 and 2010 is approximately 0.21 and 0.64, respectively (Appendix C, Table 
C1, and Table C2).  There is no Hispanic population lived in the Five Mile Creek area from 1990 
to 2015. Therefore, the Five Mile Creek floodplain areas were excluded from the spatial cluster 
analysis for the Hispanic population. 
 




Figure 4.11 Spatial cluster of the Hispanic population in the floodplain areas in 2015. 
 
4.5.2 Spatiotemporal Cluster Pattern Comparison Between Minority and Non-minority 
Populations 
 In this research, we considered the White populations as a non-minority group and African 
American and Hispanic populations as a minority group. The spatial cluster maps show that the 
cluster's spatial pattern is almost opposite between the White and African American populations. 
For instance, the spatial cluster map of 1990 shows that the White people were highly clustered in 
the north-east part of the Village Creek area, whereas there is no spatial cluster found for the 
African American population in that area (Fig. 4.6). Similarly, for Valley Creek area in 1990, the 
White populations were highly clustered in the central south-west part of this area, where the 
spatial cluster is low for African Americans in the same area (Fig. 4.6). However, the result 
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indicates some similarities between the spatial cluster pattern of the White and Hispanic 
populations. For instance, in 2000, Hispanic and White populations were low clustered in the 
south-west part of the Village Creek area (Fig. 4.10 and Appendix D, Fig. D5). We found a similar 
pattern for the Village Creek area in 2015, where it shows that both Hispanic and White 
populations were highly and low clustered in the north-east and south-west parts, respectively (Fig. 
4.7 and Fig. 4.11). 
 Although the spatial cluster analysis finds several clusters for White, African American, 
and Hispanic population in the floodplains area of Birmingham, but for the White and Hispanic 
populations, all most likely clusters are statistically significant high clusters. In contrast, for the 
African American population, most of them are statistically significant low cluster. Overall, the 
spatial cluster pattern indicates that there is a similarity between the White and Hispanic population 
and dissimilarity between the White and African American populations.  
4.6 Discussions 
Very few studies have been conducted to understand the spatial cluster of different 
demographic factors that are vulnerable to flood hazards. It is important to understand the spatial 
pattern of the cluster of these population groups because not every population group affected in 
flood hazards equally. In this research, we examined which population groups are mostly affected 
by flood hazards in Birmingham over the past thirty years. The objective of this research was to 
identify whether the vulnerable population groups are more aggregating in the flood hazard zones 
or moving away from the flood hazard areas. We used spatial scan statistics methods to achieve 
this objective by identifying the spatial cluster for each population group at each decennial census 
year. The findings of this research revealed that the children and elderly populations were moving 
away from most of the part of the floodplains of Birmingham; poor people were more aggregated 
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in the floodplain areas till 2010, and after that they started to move away; the aggregation of 
African American populations remain same in the Village Creek area over the past thirty years, 
which is much higher (approximately 50 percent), and they were less aggregated in rest of the 
floodplain areas of Birmingham; Hispanic populations were more aggregated in the Village Creek 
area and moved away from the Valley Creek area. The findings indicate that both minority and 
non-minority groups were being affected by the flood, although the percentage for a non-minority 
population group is low. The finding is consistent with the recent studies, which showed that White 
populations are also vulnerable to flood hazards in Birmingham, Alabama (Hossain and Meng, 
2020b). Although the White populations were less aggregated in the flood hazard areas, spatial 
cluster maps showed that they were also highly clustered in the highly elevated area of the flood 
hazard zones (Fig. 4.6, Fig. 4.7, Appendix D, Fig. D5, and Fig. D6.). For instance, in the Village 
Creek area of Birmingham, the direction of water flows from north-east to south-east, and the 
spatial cluster maps revealed that White populations are mostly clustered in the north-east part of 
the area. The spatial cluster map shows that the low cluster of White populations is found in the 
low elevated areas. Typically, the highly elevated areas are considered as low risk of flooding. 
Therefore, the findings suggest that the White populations are less aggregating in flood hazard 
areas, and highly clustered in the low flood risk areas.  
The findings suggest that children and elderly and poor populations are less aggregated in 
Birmingham's flood hazard areas over the past thirty years. Although they are less aggregated in 
the flood hazard areas, most of them are clustered in the high flood risk areas. For instance, the 
spatial cluster map of the poor population in 1990 showed that this population group is highly 
clustered in the south-west part of the Village Creek area, which is a high flood risk area as the 
elevation is low (Fig. 4.4). The possible reason could be that due to their financial situation, they 
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cannot afford the better place to live, and in this case, we meant the highly elevated place as a 
better place since it possesses a lower risk of flooding. The comparison between the spatial cluster 
map of the poor and White population also supports this argument, which shows that the White 
populations are highly clustered in the highly elevated areas, whereas poor people are clustered in 
low elevated areas.  
As part of the minority population, the spatial cluster maps showed that either high or low, 
most of the clusters are located in low elevated areas of Birmingham flood hazard areas. These 
population groups are clustered in the high flood risk areas, and the findings suggest that these 
minorities are more aggregated in the flood hazard areas of Birmingham. There is also a similarity 
between the spatial cluster pattern of the poor and the Hispanic population. This finding gives us 
an insight that most of the Hispanic population could be poor people in Birmingham since their 
spatial cluster pattern is similar.  
The findings of this research provide a better understanding of which population groups 
were historically affected due to flood hazards in Birmingham. Typically, the emergency 
management agency thinks that the minority populations are most affected by floods. However, 
our research will provide the City of Birmingham officials better understanding that not only the 
minorities but also the non-minorities are affected by floods. The findings of this paper will also 
help the Birmingham official allocate resources efficiently after the flood disaster since they will 
know which population groups will be more affected by floods.   
4.7 Conclusion 
In this paper, we used spatial scan statistics to identify the spatial cluster of different 
population groups at each decennial census year vulnerable to flood hazards. The spatial cluster of 
each population group for each census area provides us a better understanding of which population 
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groups are historically being affected by flood hazards in Birmingham. Our findings revealed that 
mostly the minorities are more aggregated in the flood hazard areas than the non-minority 
population. Although the non-minority population groups are less affected by floods, it is 
significant since very few researches include the non-minority populations in the flood hazard 
research. The spatial cluster maps deeply revealed the location of the high and low cluster of each 
population group, which also gives us an understanding of the spatial pattern of each vulnerable 
population group in the flood hazard areas of Birmingham.  
The spatial scan statistics, showing both spatial high and low clusters of each population 
group, can help the Emergency Management Agency (EMA) to get a better understanding of the 
location of each vulnerable group. The findings will also help the Birmingham officials identify 
which population groups are being affected by a flood. This understanding will help to allocate 
resources in the post-disaster periods equally. Typically, the White population gets privileged 
during the post-disaster situation, but our findings will help them understand that the minority 
population groups are aggregating more in the flood hazard areas. They would need more attention 
during the flood hazard situation.  
To the best of our knowledge, only very few research studies have been done on the multi-
decadal analysis of flood risk. However, most of these researches were based on historical flood 
frequency assessment. Those researches considered only the historical flood events for a particular 
area but did not consider the changes of spatial patterns of the demography in the flood risk areas 
for over the decade. Hence, our proposed study will help understand the shifting patterns spatially 
between the minority and the non-minority population due to flood vulnerability. The 
understanding of changes in the spatial clustering patterns will help the local government and 
communities to understand which population groups are more vulnerable to floods and potentially 
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affected most spatially and over the decades in Birmingham city, and then to design urban planning 






In this research, we proposed a thematic mapping method LQ to assess the concentration 
of each social vulnerability factor in the flood hazard areas of Birmingham. The findings of this 
research help to understand which population groups contribute more to social vulnerability and 
why a particular area has a low, moderate, and high social vulnerability due to flood hazards. 
Although SVI is a well-recognized method to assess the social vulnerability, it could not reveal 
the exact level of vulnerability of each population group in the flood hazard areas. Therefore, our 
proposed LQ method filled that research gap by revealing the spatial patterns of different 
vulnerable demographic groups, including minorities and the White population. These maps will 
help the Emergency Management Agency officials identify the most vulnerable population groups 
in the flood hazard areas and give more attention to them during flood events.   
 This study also developed a flood risk model using AHP, which shows the different flood 
risk levels in Birmingham's 100-year floodplain areas. We also conduct a fine-scale spatial 
flooding risk analytics to assess and map commercial and residential buildings, and the unbiased 
estimations of populations at different risk levels in the flood hazard areas. The method we used 
to develop the flood risk model can also be applied to other urban areas. Some of the concrete 
steps can be recommended while developing the flood risk model. For instance, in developing the 
AHP, we used expert opinions to assign weights to each factor. Also, the most important step is 
model validation, without validating the model, the findings are unreliable; hence, the findings 
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cannot be used. Our flood risk model can be used in other urban flood studies since the urban area 
possesses similar geographic nature. If any region has similar geophysical characteristics to 
Birmingham, then our model would work better for that area. However, this model can be modified 
by adding or removing flood hazard indicators based on the local geophysical characteristics. 
 The findings of this research can be useful for the City of Birmingham. Using the flood 
risk model, the City of Birmingham would know which part of Birmingham possesses higher risk 
and lower risk of flooding. Since the flood risk model helps to accurately estimate the number of 
populations and buildings at higher flood risk, this understanding will help the city management 
officials to take better action to reduce the damages in the pre-disaster situation. If they have 
limited resources available, they can only focus on people at higher risk of flooding. Therefore, it 
can be said that our findings will also help them to improve their decision-making process in the 
pre-disaster situation. Besides Birmingham, our model can also be used in other urban areas with 
similar geophysical characteristics to Birmingham. 
 In the final part of this research, we used spatial scan statistics to identify the spatial cluster 
of different vulnerable population groups at each decennial census year. The multi-decadal 
analysis of flood risk helps to understand the spatial patterns of different population groups who 
are being affected by floods historically over time in Birmingham. The findings suggest that mostly 
minorities are more aggregated in the flood hazard areas than the non-minorities over the past 
decades. These findings will help the local government officials prepare for future flood hazards 
by allocating resources efficiently among the different racial and ethnic groups. 
 Typically, in social vulnerability research, the researchers do not consider the non-minority 
population group as socially vulnerable. In this research, we considered both minority and non-
minority population groups in social vulnerability analysis. Our findings suggest that not only the 
 
112 
minorities but also non-minorities are affecting by floods; this is a novel finding of this research, 
but in future research, several factors, including the economic status of non-minorities, could be 
added to identify the exact reason behind their vulnerability. Another novel aspect of this research 
is the unbiased estimation of population and buildings at different flood risk levels. Many 
researchers have developed the flood risk model, but none of these researches estimated the 
number of vulnerable populations and buildings at different flood risk levels. In this research, we 
also conducted the multi-decadal spatial analysis of the demographic vulnerability. Our research 
identified which population group is historically affected by floods over the decade. The findings 
suggest that most minorities are affected by floods historically, but non-minorities also need 
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Figure B1 Flow accumulation. 
 
 





Figure B3 Land-use types. 
 
 




Figure B5 Elevation. 
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Table C1 Total number of populations and residential buildings located in each spatial cluster in decennial census year 2000. 
Demographic 
factors 






















0 (0) 1129 469 0 
High Cluster - Not Significant 0 (0) 0 (0) 0 (0) 0 0 0 
Low Cluster - Significant 335 (5.67) 66 (1.51) 0 (0) 398 230 3 
Low Cluster - Not Significant 0 (0) 2 (0.05) 0 (0) 0 134 0 
Below 
poverty level 
High Cluster - Significant 439 (7.43) 360 (8.26) 0 (0) 86 239 0 
High Cluster - Not Significant 0 (0) 0 (0) 2 (1.55) 0 0 1 
Low Cluster - Significant 484 (8.19) 22 (0.50) 0 (0) 449 204 0 
Low Cluster - Not Significant 0 (0) 0 (0) 0 (0) 0 9 0 
White High Cluster - Significant 306 (5.18) 36 (0.83) 0 (0) 435 34 0 
High Cluster - Not Significant 0 (0) 14 (0.32) 40 (31.01) 0 16 20 
Low Cluster - Significant 2 (0.03) 1 (0.02) 19 (14.73) 1309 569 5 
Low Cluster - Not Significant 0 (0) 0 (0) 0 (0) 0 214 3 
African 
American 
High Cluster - Significant 2951 
(49.92) 
0 (0) 0 (0) 1022 0 0 
High Cluster - Not Significant 0 (0) 0 (0) 6 (4.65) 0 0 1 
Low Cluster - Significant 700 
(11.84) 
199 (4.56) 0 (0) 327 77 0 
Low Cluster - Not Significant 160 (2.71) 0 (0) 0 (0) 73 0 0 
Hispanic High Cluster - Significant 100 (1.69) 9 (0.21) 0 (0) 49 23 0 
High Cluster - Not Significant 0 (0) 0 (0) 0 (0) 0 0 0 
Low Cluster - Significant 0 (0) 0 (0) 0 (0) 405 0 0 
Low Cluster - Not Significant 0 (0) 0 (0) 0 (0) 0 589 0 
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Table C2 Total number of populations and residential buildings located in each spatial cluster in decennial census year 2010. 
Demographic 
factors 


















High Cluster - Significant 995 
(14.82) 
373 (8.77) 16 (7.62) 974 341 16 
High Cluster - Not Significant 0 (0) 57 (1.34) 0 (0) 0 90 0 
Low Cluster - Significant 49 (0.73) 90 (2.12) 0 (0) 609 541 0 
Low Cluster - Not Significant 23 (0.34) 33 (0.78) 0 (0) 61 44 35 
Below 
poverty level 




0 (0) 401 632 0 
High Cluster - Not Significant 0 (0) 0 (0) 0 (0) 0 0 0 
Low Cluster - Significant 14 (0.21) 90 (2.12) 0 (0) 429 355 0 
Low Cluster - Not Significant 0 (0) 0 (0) 0 (0) 11 0 5 
White High Cluster - Significant 408 (6.08) 69 (1.62) 0 (0) 388 121 0 
High Cluster - Not Significant 0 (0) 9 (0.21) 0 (0) 0 11 0 
Low Cluster - Significant 0 (0) 0 (0) 0 (0) 1123 311 0 
Low Cluster - Not Significant 0 (0) 0 (0) 0 (0) 0 249 5 
African 
American 
High Cluster - Significant 0 (0) 0 (0) 0 (0) 0 0 0 
High Cluster - Not Significant 3331 
(49.60) 
0 (0) 42 (20.0) 1229 0 21 
Low Cluster - Significant 348 (5.18) 0 (0) 0 (0) 153 0 0 
Low Cluster - Not Significant 0 (0) 259 (6.09) 0 (0) 0 119 0 
Hispanic High Cluster - Significant 276 (4.11) 27 (0.64) 0 (0) 71 45 0 
High Cluster - Not Significant 0 (0) 0 (0) 0 (0) 0 0 0 
Low Cluster - Significant 0 (0) 0 (0) 0 (0) 527 0 0 
Low Cluster - Not Significant 0 (0) 0 (0) 0 (0) 0 637 0 
 
149 
Table C3 Spatial cluster of each demographic factor in the Village Creek area in decennial 
census year 1990. 
Demographic factors Cluster Observed Expected LLR P-value 
Children (under 5 
years) and elderly 
(over 65 years) 
1 191 277.411 17.078 0.00 
2 120 77.327 10.501 0.07 
3 167 221.348 8.052 0.45 
4 426 364.726 5.939 0.98 
Below poverty level 1 409 201.186 93.813 0.00 
2 6 108.801 87.951 0.00 
3 31 164.490 86.128 0.00 
White 1 757 218.638 1023.822 0.00 
2 0 1464.875 233.598 0.00 
3 0 1410.653 233.436 0.00 
4 3 732.875 149.706 0.00 
African American 1 0 218.638 222.819 0.00 
2 1673 1464.875 19.134 0.00 
3 1603 1410.653 16.771 0.00 
4 838 732.875 8.288 0.39 
Table C4 Spatial cluster of each demographic factor in the Valley Creek area in decennial 
census year 1990. 
Demographic factors Cluster Observed Expected LLR P-value 
Children (under 5 
years) and elderly 
(over 65 years) 
1 110 245.645 58.971 0.00 
2 0 20.900 21.125 0.00 
3 123 73.797 14.982 0.00 
4 0 11.353 11.419 0.01 
5 252 195.329 9.600 0.06 
6 111 77.409 7.044 0.54 
Below poverty level 1 75 223.118 80.622 0.00 
2 6 91.466 73.269 0.00 
3 140 48.075 62.604 0.00 
4 166 84.563 34.515 0.00 
5 134 74.948 20.861 0.00 
6 0 15.532 15.661 0.00 
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Table C4 (continued) 
Demographic factors Cluster Observed Expected LLR P-value 
 7 69 37.967 10.724 0.03 
8 166 123.763 7.610 0.34 
White 1 185 58.157 126.919 0.00 
2 0 45.448 49.172 0.00 
3 12 74.486 48.279 0.00 
4 0 35.232 37.415 0.00 
5 48 17.616 19.379 0.00 
6 16 2.574 16.107 0.00 
7 0 11.101 11.306 0.01 
8 0 8.929 9.061 0.06 
9 0 5.470 5.519 0.88 
African American 1 331 441.722 17.299 0.00 
2 652 571.537 6.598 0.75 
3 565 492.254 6.067 0.85 
4 152 195.159 5.464 0.97 
 
Table C5 Spatial cluster of each demographic factor in the Five Mile Creek area in decennial 
census year 1990. 
Demographic factors Cluster Observed Expected LLR P-value 
Children and Elderly 1 0 6.745 7.337 0.02 
Table C6 Spatial cluster of each demographic factor in the Village Creek area in decennial 
census year 2000. 
Demographic factors Cluster Observed Expected LLR P-value 
Children (under 5 years) 
and elderly (over 65 
years) 
1 3 137.284 127.815 0.00 
2 601 416.023 48.177 0.00 
3 216 347.702 34.320 0.00 




Table C6 (continued) 
Demographic factors Cluster Observed Expected LLR P-value  
5 116 177.058 13.075 0.01 
Below poverty level 1 8 87.975 62.144 0.00 
2 439 258.170 59.973 0.00  
3 0 26.721 26.869 0.00 
4 476 607.192 19.932 0.00 
White 1 306 84.650 325.837 0.00 
2 0 84.707 97.467 0.00 
3 0 82.757 94.877 0.00 
4 2 64.749 62.480 0.00 
African American 1 700 1048.535 79.766 0.00 
2 1477 1311.334 13.586 0.00 
3 1474 1311.334 13.104 0.01 
4 160 204.202 5.365 1.00 
Hispanic  1 100 5.177 288.339 0.00 
2 0 25.487 29.326 0.00 
Table C7 Spatial cluster of each demographic factor in the Valley Creek area in decennial 
census year 2000. 
Demographic factors Cluster Observed Expected LLR P-value 
Children (under 5 
years) and elderly 
(over 65 years) 
1 66 194.893 69.559 0.00 
2 213 118.781 36.636 0.00 
3 0 24.794 25.168 0.00 
4 153 88.221 22.345 0.00 
5 58 24.602 17.039 0.00 
6 47 21.142 12.103 0.01 
7 0 8.457 8.500 0.23 
8 0 8.457 8.500 0.23 
9 2 12.685 7.060 0.56 
Below poverty level 1 0 47.745 48.655 0.00 
2 7 54.819 34.330 0.00 
3 360 257.295 23.524 0.00 
4 15 55.408 21.465 0.00 
5 0 21.220 21.397 0.00 
6 0 8.842 8.872 0.17 
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Table C7 (continued) 
Demographic factors Cluster Observed Expected LLR P-value 
White 1 24 0.958 59.715 0.00 
2 0 11.893 13.309 0.00 
3 1 12.252 10.029 0.03 
4 12 2.754 9.238 0.04 
5 0 8.022 8.633 0.06 
6 9 2.022 6.914 0.25 
7 5 0.865 4.792 0.91 
African American 1 199 248.246 5.560 1.00 
Hispanic 1 9 0.403 27.965 0.00 
2 0 2.250 2.589 0.93 
3 0 2.248 2.586 0.95 
Table C8 Spatial cluster of each demographic factor in the Five Mile Creek area in decennial 
census year 2000. 
Demographic factors Cluster Observed Expected LLR P-value 
Children (under 5 
years) and elderly 
(over 65 years) 
1 0 3.977 4.122 0.36 
Below poverty level 1 2 0.093 6.136 0.06 
White 1 0 10.536 11.036 0.00 
2 40 28.095 3.052 0.74 
3 19 28.798 2.416 0.98 
African American 1 6 3.179 1.037 1.00 






Table C9 Spatial cluster of each demographic factor in the Village Creek area in decennial 
census year 2010. 
Demographic factors Cluster Observed Expected LLR P-value 
Children (under 5 
years) and elderly 
(over 65 years) 
1 2 177.792 175.713 0.00 
2 0 127.468 132.054 0.00 
3 664 393.189 103.876 0.00 
4 21 118.067 63.466 0.00 
5 331 211.802 33.009 0.00 
6 15 58.066 23.274 0.00  
7 11 49.771 22.579 0.00 
8 23 48.665 8.608 0.35 
Below poverty level 1 8 129.753 102.196 0.00 
2 1 102.634 98.893 0.00 
3 3 101.383 89.592 0.00 
4 597 403.027 48.659 0.00 
5 2 54.655 46.540 0.00 
6 256 166.051 22.422 0.00 
7 288 199.845 18.596 0.00 
8 0 9.179 9.194 0.26 
White 1 408 138.500 288.104 0.00 
2 0 138.500 159.376 0.00 
3 0 129.179 147.085 0.00 
African American 1 69 311.284 143.334 0.00 
2 279 418.373 28.030 0.00 
3 1669 1516.490 9.993 0.14 
4 1662 1522.842 8.312 0.52 
Hispanic  1 276 14.581 798.183 0.00 








Table C10 Spatial cluster of each demographic factor in the Valley Creek area in decennial 
census year 2010. 
Demographic factors Cluster Observed Expected LLR P-value 
Children (under 5 
years) and elderly 
(over 65 years) 
1 28 135.458 70.629 0.00 
2 220 104.263 57.516 0.00 
3 0 55.690 57.509 0.00 
4 29 121.012 55.880 0.00 
5 153 78.720 30.904 0.00 
6 0 11.306 11.378 0.02 
7 33 63.437 9.424 0.10 
8 90 65.112 4.624 1.00 
Below poverty level 1 76 231.945 81.461 0.00 
2 14 106.215 67.156 0.00 
3 0 61.426 62.856 0.00 
4 470 336.561 32.623 0.00 
5 249 159.323 24.942 0.00 
6 0 23.035 23.232 0.00 
7 170 110.054 15.436 0.00 
White 1 24 1.355 49.965 0.00 
2 0 19.986 22.996 0.00 
3 29 7.283 21.979 0.00 
4 16 4.140 10.749 0.02 
5 0 7.076 7.409 0.20 
6 0 7.076 7.120 0.25 
7 9 2.861 4.428 0.98 
African American 1 131 175.236 6.378 0.82 
2 128 170.526 6.043 0.90 
Hispanic 1 14 1.080 26.713 0.00 
2 13 1.001 24.513 0.00 
3 0 6.995 8.049 0.12 






Table C11 Spatial cluster of each demographic factor in the Five Mile Creek area in decennial 
census year 2010. 
Demographic factors Cluster Observed Expected LLR P-value 
Children (under 5 
years) and elderly 
(over 65 years) 
1 16 3.657 23.615 0.00 
2 0 3.962 4.552 0.20 
3 0 3.962 4.552 0.20 
Below poverty level 1 0 3.143 3.220 0.68 
White 1 0 3.190 3.269 0.82 
African American 1 32 22.171 2.589 0.96 
2 10 4.619 2.503 0.96 
Table C12 Spatial cluster of each demographic factor in the Village Creek area in decennial 
census year 2015. 
Demographic factors Cluster Observed Expected LLR P-value 
Children (under 5 
years) and elderly 
(over 65 years) 
1 44 348.116 241.406 0.00 
2 848 420.043 237.516 0.00 
3 65 258.806 115.118 0.00 
4 103 53.891 18.276 0.00 
Below poverty level 1 96 501.180 273.355 0.00 
2 364 172.387 86.196 0.00 
3 333 173.020 62.043 0.00 
4 28 85.631 26.825 0.00 
5 66 28.169 18.575 0.00 
6 186 117.328 17.749 0.00 
White 1 185 31.558 213.164 0.00 
2 111 19.477 114.169 0.00 
3 0 96.500 111.045 0.00 
4 0 76.271 84.974 0.00 
5 48 4.113 76.679 0.00 
6 15 66.661 33.257 0.00 
African American 1 185 633.140 235.012 0.00 
2 2149 1854.072 30.262 0.00 
3 2075 1821.560 22.693 0.00 
Hispanic 1 286 43.871 371.181 0.00 
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Table C12 (continued) 
Demographic factors Cluster Observed Expected LLR P-value  
2 146 25.493 150.558 0.00  
3 0 128.470 147.829 0.00 
4 0 122.127 139.441 0.00 
5 44 6.462 48.288 0.00 
6 0 38.179 39.672 0.00 
 
Table C13 Spatial cluster of each demographic factor in the Valley Creek area in decennial 
census year 2015. 
Demographic factors Cluster Observed Expected LLR P-value 
Children (under 5 
years) and elderly 
(over 65 years) 
1 130 372.059 129.816 0.00 
2 234 137.532 31.415 0.00 
3 321 215.418 26.944 0.00 
4 8 44.010 22.814 0.00 
Below poverty level 1 92 364.896 177.594 0.00 
2 617 365.179 103.231 0.00 
3 0 55.004 56.066 0.00 
4 0 26.651 26.897 0.00 
5 131 71.448 21.158 0.00 
6 0 10.207 10.243 0.06 
White 1 42 1.712 109.447 0.00 
2 0 17.497 20.133 0.00 
3 0 16.125 18.327 0.00 
4 20 5.121 14.222 0.00 
5 0 6.466 6.785 0.33 
African American  1 749 890.060 14.371 0.00 








Table C14 Spatial cluster of each demographic factor in the Five Mile Creek area in decennial 
census year 2015. 
Demographic factors Cluster Observed Expected LLR P-value 
Children (under 5 
years) and elderly 
(over 65 years) 
1 0 6.587 6.814 0.09 
Below poverty level 1 1 21.123 19.953 0.00 
2 31 20.868 2.983 0.98 
White 1 27 7.455 28.697 0.00 
2 0 7.365 8.451 0.01 
3 0 7.275 8.333 0.02 










Figure D1 Spatial cluster of children and the elderly population in the floodplain areas in 2000. 
 
 












Figure D5 Spatial cluster of the White population in the floodplain areas in 2000. 
 
 




Figure D7 Spatial cluster of the African American population in the floodplain areas in 2000. 
 
 




Figure D9 Spatial cluster of the Hispanic population in the floodplain areas in 2010. 
